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Abstract
This dissertation intends to examine and dissect the financial market
anomalies in the Chinese and Japanese stock markets from a rational perspective.
In order to investigate the topic from specific points of entry, the thesis consists of
three separate but closely related essays.
The first essay aims to examine the Chinese investment anomaly and
dissect the anomaly from a perspective of rational expectation framework.
Characteristic-based sorting and Fama-MacBeth two-stage cross-sectional
regression are adopted to test the relationship between corporate investment and
expected returns in both portfolio and individual-stock levels. Empirical results
provide ample evidence showing that there is a negative relationship between
investment and expected returns in the Chinese stock market. Under the framework
of pricing kernels, an investment-based common risk factor is constructed to test
the role of risk played in the negative investment-return relationship. The new
investment-based risk factor is found to capture the return differences across
characteristic-based portfolios, thus having statistically positive risk premium.
Moreover, a Markov Regime-Switching Model is adopted to investigate the time-
varying risk premium across market regimes. Results imply an asymmetric risk
premium pattern that is higher during market downturn but lower under bull market.
In the second essay, we dissect the investment anomaly into an intraday and
an overnight return pattern, finding an overnight-intraday reversal strategy that
generates an abnormal excess return for the Japanese Real Estate Investment Trust
(J-REIT) market. Empirical results show that in the J-REIT market, significant
positive abnormal returns on investment effect as well as size effect occur intraday,
followed by reversals that negative abnormal returns occur overnight. Further
empirical results reveal that foreign institutional investors and individual investors
trade against domestic institutional investors, and strengthen the asymmetric
intraday and overnight abnormal returns. Therefore, we support the hypothesis that
investor heterogeneity can explain the overnight-intraday anomaly. Moreover, the
J-REIT market responds quickly and significantly to announcements from the Bank
of Japan (BOJ). The information surprise caused by BOJ’s announcements also
intensifies the intraday and overnight abnormal returns in the J-REIT market.
The third study tries to interpret the abnormal returns by improving the
original linear factor models to non-linear multi-factor models. We propose a
Markov regime-switching asset-pricing model and investigate the asymmetric risk-
return relationship under different regimes for the Chinese stock market. It was
found that the Chinese stock market has two significant regimes: a persistent bear
market and a bull market. In regime 1, the risk premiums on common risk factors
were relatively higher and consistent with the hypothesis that investors require
more compensation for taking the same amount of risks in a bear regime when
there is a higher risk-aversion level. Moreover, return dispersions among the
Fama–French 25 portfolios were captured by the beta patterns from our proposed
Markov regime-switching Fama–French three-factor model, implying that a
positive risk-return relationship holds in regime 1. On the contrary, in regime 2,
when lower risk premiums could be observed, portfolios with a big size or low
book-to-market ratio undertook higher risk loadings, implying that the stocks that
used to be known as “good” stocks were much riskier in a bull market. Thus, a
risk-return relationship followed other patterns in this period.
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1Chapter I.
Introduction
This chapter starts with the background, motivation and objective of this
research. Then we briefly introduce the research methodology and present our main
contributions. Finally, the whole structure of the thesis is illustrated.
1. Motivation and Objective
As a barometer of the macroeconomic environment and an engine of
economic growth, the financial market plays a crucial role in maintaining a stable
and sustainable development of a country’s economy. As Fama (1970) states in his
Efficient Market Hypothesis (EMH), in an efficient financial market, the stock
price should reflect all information that is useful to investors. Therefore, no
investor can obtain above-average profits by using public information and
constructing any trading strategies. However, the concept of market efficiency has
been subject to considerable debates in the finance literature. Many researchers
find cross-sectional return patterns are linked to firm characteristics, such as market
capitalization (Banz, 1981; Chan & Chen, 1991), book-to-market values (Fama &
French, 1992, 1993), and real investment (Cooper & Priestley, 2011; Fama &
French, 2015; Chen, 2017). It is shown that strategies based on a rich set of
characteristics can earn excess abnormal returns. Meanwhile, temporal anomalies,
such as momentum, reversal, and other intraday pattern imply the time-series
predictions. Many issues, including the time-series and cross-sectional anomalies
and pricing of securitized real estate financial products, in current frontiers of
2financial academia, have not been fully studied. This dissertation will focus on
dissecting the negative relationship between corporate real investments and
expected stock returns in the Chinese stock market and Japanese REIT market by
using linear and nonlinear multi-factor models.
Since an important function of the capital market is to price corporates’
tangible and intangible real investments efficiently, corporates’ real investment
should be fully reflected by the current stock price. However, Cooper, Gulen, and
Schill (2008) examine the association between firm real investment (measured by
the simple growth rate of total asset) and average expected stock returns. They find
strong evidence that a portfolio of the lowest asset growth decile outperforms the
portfolio of the highest asset growth decile significantly. Independent of other
fundamental anomalies, such as “long-term reversal” and secondary equity issue
anomaly, investment anomaly is more persistent in many cases (see Titman et al.,
2004). Berk, Green, and Naik (1999) use a dynamic model and show that firms that
perform well in the present tend to be those that discovered particular valuable
investment opportunities with low systematic risk in the past. Later, Berk, Green,
and Naik (2004) further prove that systematic risk as well as the required risk
premium of a project tends to reach its highest point in the early stages of the
project and then declines as the project approaches maturity. Li and Zhang (2010)
and Liu, Whited, and Zhang (2009) dissect the negative investment-return relation
by introducing the cost of capital in Tobin’s q-theory framework (1969). According
to their findings, as systematic risk is lowered, firms’ future cash flow will be
discounted at a lower discount rate and then firm will achieve a larger net present
value for its projects. Facing the prospect of more profitable projects, it is natural
for firms to conduct more investments.
3With more and more studies on this topic, some scholars try to explain the
investment anomaly by constructing a new factor. Fama and French (2015) propose
a new five-factor model to explain the investment anomaly in the US market.
Furthermore, in the international comparisons of the five-factor model conducted
by Fama and French (2017), it is pointed out that investment factor in North
America, Europe, Asia-Pacific is significant, but less significant in the Japanese
stock market. So our interests are initially driven to specific two Asian markets, the
Chinese stock market and the Japanese stock market, which have provided large
and unique samples for empirical studies.
In the first empirical research, we conduct an empirical test of the
significance of investment factor for non-financial companies in the Chinese stock
market, specifically, Shanghai stock exchange and Shenzhen stock exchange. The
Chinese stock market has several unique characteristics that differentiate it from
other markets in the world. It is required that listed companies in China should fall
under any of the three primary categories: A-shares, B-shares and H-shares. A-
shares are those of local Chinese companies denominated in Renminbi (the
Chinese currency, RMB), traded primarily between local investors on the Shanghai
or Shenzhen Stock Exchanges. Foreigners can only invest on the A-shares through
the Qualified Foreign Institutional Investors (QFII) who have been granted special
permission by the Chinese government. B-shares represent Chinese firms with a
face value in RMB, but listed for trading to primarily international investors in U.S.
Dollars in the Shanghai Stock Exchange, or Hong Kong Dollars in the Shenzhen
Stock Exchange. Domestic investors in Mainland China can trade B-shares through
legal foreign currency accounts. H-shares represent Chinese companies regulated
by Chinese law, but freely tradable to anyone. H-shares are listed in Hong Kong
4and are quoted in Hong Kong Dollars. Another important fact for the Chinese stock
market is that, Mainland Chinese investors have limited channels to invest oversea
security markets. They can only invest via the Qualified Domestic Institutional
Investors (QDII) who have been granted special permission by the Chinese
government. With such strict financial constraints and government intervention, the
Chinese stock market, especially the A-share market, is relatively isolated to other
equity markets, which provides a simple and unique sample to examine the
implications from financial theories (see Mei et al., 2009).
Hence, in the first study, we find that there is a negative relationship
between the real investment of the company and its future equity returns at both the
individual stock level and the portfolio level, for the listing firms as A-shares in the
Chinese stock market. This result is in conflict with some existing research
arguments that the significance of investment factor is related to stock market
efficiency. However, this is not the first research that finds a significant predictive
risk factor in China. Eun and Huang (2007) and Chen et al. (2011) address some
firm characteristics, including size, book-to-market ratio, firm idiosyncratic risk,
liquidity of stock can predict stock returns for A-shares in the Shanghai and
Shenzhen stock exchanges. In addition, Chen et al. (2010) point out that the
variables including the asset growth and net operating assets are significant in
explaining the cross-sectional variation of expected returns in China. However, it
does not prove the efficiency of the Chinese stock market. Since the Chinese stock
market is far less efficient than the Japanese stock market, the fact that the
investment factor works in the Chinese stock market but not the case in the
Japanese stock market leads us to conduct a cross-market comparison and dissect
the behavior of investment factor in the Japanese stock market.
5As Chou et al. (2012) document that the asset-pricing anomalies are not
universal and different across different markets, in Japan, only B/M value is related
to average returns. However, in their samples, the equity Real Estate Investment
Trust (denoted by REIT) are usually excluded, while the investment anomaly is
found in the equity REITs in the United States. Cheng and Roulac (2007)
document that REITs have been an important sector that provides diversification
for investment and is a proficient tool to hedge against inflation. Therefore, we try
to examine the investment anomaly of the equity REITs in Japan to provide cross-
country comparison evidence. In addition, among the existing literature specific for
the REITs research, it has been already found some anomalies among equity REITs.
Goebel et al. (2012) document that despites the significant REIT momentum,
institutional ownership, book-to-market and illiquidity are also associated with
REIT returns while size does not affect REIT returns. Therefore, it is natural for us
to diagnose the silence of size effect and investment effect in the Japanese REIT
market that provides another unique sample for testing general asset pricing models.
Accordingly in the second research, an interesting fact for the Japanese
REIT market is observed that, investment anomaly as well as size anomaly, is
significant in either the daytime or nighttime, if we dissect a daily return into
intraday return and overnight return. This research points out the role of investor
heterogeneity and government policy in Japanese REITs anomalies. Results imply
that merely the linear expected return model is not enough to capture the
relationship between the real investment of the company and its future return on
the stock.
Furthermore, in the third step, we utilize the nonlinear expected return
model: Markov regime switching multi-factor model, again take the Chinese stock
6market as the playfield, examine the time-varying risk factors and risk loadings.
The reason why we move back to the Chinese stock market is that, consistent with
our previous discussion about segmentation and regulation, the Chinese stock
market has been highly affected by the government interventions (Hillard and
Zhang, 2015; Guo et al., 2017; Hu et al., 2018). Government policy shifts from
time to time to control (cool down or stimulate) the market, resulting in sudden
jump or boom of stock prices. For example, the “Split-Share Reform” was
proposed to solve the problem when reducing the state-ownership in listing
companies. The Chinese stock market had dramatically different patterns during
the periods before the split-share problem was noticed, when the reform plan was
proposed, and after the proposal was conducted. Therefore, it is significant for us to
depict the dynamic pattern of abnormal returns in a stock market. As a result, we
revealed the characteristics of the risk-return relationship in China, in which policy
interventions cause market regime switches and thus risk-return relationship
follows different patterns in each regime. In addition, it is shown that the method
proposed in this research is not only valid in sample but also working well out-of-
sample.
To sum up, with respect to the groundwork scholars have laid for this theme,
three clear and distinct objectives are set in this dissertation. This research is
proposed to analyze a cross-sectional anomaly and a temporal anomaly observed in
the Chinese stock market and the Japanese Real Estate Investment Trust market.
Furthermore, within each analysis, we analyze the abnormal return patterns from a
rational perspective. Finally, it is attempted to explain the abnormal returns and
reveal the time-varying risk-return relationship by applying a Markov regime-
switching non-linear factor model. Hence, our research conducts discussions under
7the framework of rational asset pricing theory, applies both linear and non-linear
multi-factor models, and involves real data from both Chinese and Japanese stock
market. Aligning with the objectives set up, benefits brought by the study could be
massive.
On one hand, with explicit investigation on the relationship between
corporates’ real investments and expected stock returns, the findings may turn out
to be a useful instruction for corporate managers to solve dilemmas they may
encounter, such as a choice between investment and preservation.
On the other hand, with a full analysis of the Chinese stock market by
exploring its common risk factors, market regimes, and characteristics, this
research may help both institute and individual investors who are interested in the
world largest developing economic entity to make a proper and localized
investment strategy, based on the understandings of certain disciplines and return
patterns in different equity markets.
Moreover, our study that constructs a Chinese investment factor, interprets
a regime-dependent risk-return relationship, and also takes Japanese REITs into
account, can be regarded as out-of-sample tests of Fama and French (2015, 2016),
contributes to world financial literatures by providing unique evidence and bridges
the gap among investigations from country to country.
82. Method and Contribution
This research is proposed to analyze anomalies under different markets,
including Japanese REIT market and Chinese stock market. Furthermore, it is
attempted to reveal the time-varying risk-return relationship. In order to carry out
specific experiments, we adopt the methodologies of qualitative research and
quantitative research. Contributions of this dissertation are derived from each of the
following attempts.
For the theoretical research, we discuss the issue in two folds:
 On one hand, from a rational expectation theory, an investment-based factor
is constructed specific for the Chinese stock market for the first time.
Theoretical derivation implies that investment strategies based on
characteristic-sorted portfolios should be adjusted to different market
regimes.
 On the other hand, we investigate the risk-return relation from the basis of a
non-linear instead of a traditional linear asset pricing theory. By relaxing
the assumption of static investment opportunity set, we assume a stochastic
investment opportunity set and both its risk premium and risk loadings
follow the first-order Markov process. Therefore, we get a theoretical time-
varying factor model, which allows both risk premium (common risk
factors) and risk loadings (betas) vary through time. The model identifies
two states of the market and shows that risk-return retains different patterns
under each regime.
For the empirical studies, we contribute in the following aspects:
 Firstly, we propose an investment-based common risk factor, AGR,
following the conventions of Fama and French (1992, 1993). The proposed
9investment-based factor, like other characteristic-based factors, size factor
(SMB) and value factor (HML), is expected to explain the cross-sectional
variations in asset returns. Therefore, anomalies, such as investment
anomaly, size anomaly, and value anomaly will be dissected under the
common risk factor model.
 Secondly, in order to find out the time-series variation of anomalies, we test
how characteristic-based hedging portfolios jointly vary through time, using
a multivariate Markov Regime Switching Model. The results imply a time-
varying pattern for each anomaly, which refers that common risk factors
retain a dynamic return process.
 Thirdly, we develop a Markov Regime Switching Multifactor Model
(hereafter MRS-Multifactor model) by combining the Markov Regime
Switching model with the Fama and French multifactor model. Through
this analysis, we get the time-varying betas for each common risk factor.
 Last but not least, we apply the MRS-Multifactor model in the Chinese
stock market and the Japanese REIT market.
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3. Thesis Outline
The rest of this thesis is organized as follows.
Chapter II. What Explains the Investment Anomaly Chinese Stock
Market. In this chapter, we dissect the Investment Anomaly from a perspective of
rational school. Characteristic-based sorting methodology and Fama–MacBeth
two-stage cross-sectional regression models are adopted to test the relationship
between corporate investment and expected returns in both portfolio and individual
stock levels. Under the framework of pricing kernels, an investment-based
common risk factor is constructed to test the role of risk played in the negative
investment-return relationship. Empirical results provide ample evidence showing
that there is a negative relationship between investment and expected returns in the
Chinese stock market. The new investment-based risk factor is found to capture the
return differences across characteristic-based portfolios. In addition, risk premium
of the new risk factor is not only statistically positive throughout the sample period,
but also has an asymmetry that is higher during market downturn but lower under
bull market. In this chapter, we show that investment strategies based on
characteristic-sorted portfolios should be adjusted to different market regimes.
Besides, we provide comprehensive empirical results by adopting different
methodologies for investigating the investment anomaly in China. Simultaneously,
an investment-based factor is constructed specifically for the Chinese stock market
for the first time.
Chapter III. The Cross-Section of Overnight and Intraday Abnormal
Returns in J-REIT Market. In this chapter, we investigate an overnight-intraday
reversal strategy that generates an abnormal excess return for a stock market. The
study is the first to examine whether abnormal returns related to size effect and
11
investment effect occur overnight or intraday in the Japanese Real Estate
Investment Trust (J-REIT) market. Empirical results show that in the J-REIT
market, significant positive abnormal returns on investment effect as well as size
effect occur intraday, followed by reversals that negative abnormal returns occur
overnight. Further empirical results reveal that foreign institutional investors and
individual investors trade against domestic institutional investors, and strengthen
the asymmetric intraday and overnight abnormal returns. Therefore, we support the
hypothesis that investor heterogeneity can explain the overnight-intraday anomaly.
Moreover, the J-REIT market responds quickly and significantly to announcements
from the Bank of Japan (BOJ). The information surprise caused by BOJ’s
announcements also intensifies the intraday and overnight abnormal returns in the
J-REIT market
Chapter IV. Multi-Factor Asset-Pricing Models under Markov Regime
Switches. In this Chapter, we propose a Markov regime-switching asset-pricing
model and investigate the asymmetric risk-return relationship under different
regimes for the Chinese stock market. It was found that the Chinese stock market
has two significant regimes: a persistent bear market and a bull market. In regime 1,
the risk premiums on common risk factors were relatively higher and consistent
with the hypothesis that investors require more compensation for taking the same
amount of risks in a bear regime when there is a higher risk-aversion level.
Moreover, return dispersions among the Fama–French 25 portfolios were captured
by the beta patterns from our proposed Markov regime-switching Fama–French
three-factor model, implying that a positive risk-return relationship holds in regime
1. On the contrary, in regime 2, when lower risk premiums could be observed,
portfolios with a big size or low book-to-market ratio undertook higher risk
12
loadings, implying that the stocks that used to be known as “good” stocks were
much riskier in a bull market. Thus, a risk-return relationship followed other
patterns in this period.
Chapter V. General Conclusion. In this chapter, we conclude the whole
work in this thesis, and discuss the limitations of the current research. Based on the
limitations, implications for future works are provided.
The general outline of this thesis is shown as follows:
























What Explains Investment Anomaly in the Chinese Stock Market?
In this chapter, we examine the investment anomaly in the Chinese stock
market based on a common risk factor pricing model that incorporates an
investment-based risk factor, which is a study derived from the rational expectation
theory.
1. Introduction
As Fama and French (2006) state, the anomaly refers to some return
patterns that appear in the average stock returns and cannot be explained by the
traditional capital asset pricing model. While both size anomaly and value anomaly
have been dissected by the common risk factor model of Fama and French (1992,
1993), there are still some fundamental anomalies that remain unsolved.
Investment anomaly is one of the recent hot spots.
Titman et al. (2004) conclude that investment anomaly is independent of
other fundamental anomalies and more persistent in many cases. Cooper, Gulen,
and Schill (2008) first examine the negative association between firm real
investment and average expected stock returns by using the simple measurement of
asset growth. Moreover, evidence from different countries shows that such
phenomenon exists in various markets all over the world (Gray and Johnson, 2011,
Watanabe, Xu, Yao, and Yu, 2013). However, regarding the initial reasons that
have driven the negative investment-return relation, scholars from rational school
and behavioral school provide different interpretations.
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Researchers from the behavioral school find evidence that market timing,
investor’s under-reaction as well as overreaction, or mispricing have effects on the
investment anomaly. Stein’s model (1996) shows that managers choose the time at
which their stocks are overpriced to undertake investment. Titman, Wei, and Xie
(2004) find that the increased investment expenditures are more related with
overinvestments, but investors may underreact to those overinvestments. Therefore,
it takes time for the market to adjust stock prices. On the other hand, Cooper et al.
(2008) argue that the negative abnormal return after investment is a correction for
the prior investors’ overreaction. Similarly, Polk and Sapienza (2006) selecte
discretionary accruals as a proxy for mispricing and found that as investment
increased, the mispricing proxy was larger, indicating that as the firms conduct
more investment, stock prices deviate more from their “true” value. As for the
research in the Chinese stock market, Ye and Li (2013) find that the arbitrage cost,
indicated by Amihud (2002)’s measure of illiquidity indicator, can explain the asset
growth anomaly in the Chinese stock market. Wang et al. (2015) conclude that
overreaction explains the investment anomaly.
On the other side, researchers from rational school believe that risk plays a
vital role in the investment anomaly. They investigate the investment-return
relation through a “discount rate channel” or a “systematic risk channel”. Berk,
Green, and Naik (1999) use a dynamic model and found that firms that perform
well in the present tend to be those that discovered particular valuable investment
opportunities with low systematic risk in the past. Later, Berk, Green, and Naik
(2004) further clarify the mechanism by presenting a dynamic model for a
multistage investment project. They prove that systematic risk as well as the
required risk premium of a project tends to reach its highest point in the early
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stages of the project and then declines as the project approaches maturity. That is
why the risk premium of firms’ projects, followed by the expected return, declines
as investment activity is conducted. Li and Zhang (2010) and Liu, Whited, and
Zhang (2009) introduce the cost of capital under the framework of Tobin’s q-
theory (1969) and showed that firms’ future cash flow will be discounted at a lower
discount rate as firms conduct more investments. Xing (2008) and Chen and Zhang
(2010) provide evidence showing that investment dispersion should be regarded as
a common risk factor and can be properly priced. Cooper and Priestley (2011)
applied the Chen, Roll, and Ross (1986) macroeconomic factors and find that firms
with less investment have larger loadings on the systematic risk factors and firms
with more investment have smaller loadings on these risk factors. So return
differences across investment-deciles are due to systematic risk dispersions. The
empirical study of Watanabe et al. (2013) supports that measures of discount effect
could explain the cross-country dispersions. Moreover, market efficiency indices
can not explain the differences among countries, so the hypothesis of mispricing
cannot hold from this basis. Hou et al. (2015) further address an empirical q-factor
model that incorporates an investment factor can explain nearly 80 anomalies in
United States.
Along with the ongoing debate between the two schools, this study is aimed
to conduct an empirical investigation to establish the role that risk played in the
investment anomaly. The theoretical framework of this chapter is based on
Cochrane’s (2005) pricing model. It is assumed that asset growth to be a state
variable that leads to an unobserved risk premium. Following the methodology of
Fama and French (2015, 2016), this chapter constructs the pricing kernel based on
investment (asset growth) specifically for the Chinese stock market. The results
16
show that the new investment-based risk factor has a significant positive risk
premium, and pricing models that contain the investment-based risk factor can
explain much of the cross-sectional abnormal returns. Hence, in agreement with
Cooper and Priestley (2011), this study supports the argument that risk variations
cause return variations among different investment-deciles. Moreover, it is found
that the investment common risk factor has higher risk premium during market
downturn but lower premium during bull regime, implying that the investment
anomaly is stronger under a bear market. This research is also related to the recent
literatures on global asset-pricing, such as Fama and French (2012), and Asness et
al. (2013), which address the importance of a global vision for the risk premia
across different market. Compared with Wang et al. (2015), who also focuse on the
investment anomaly in China, this study is significantly distinguishable from them
because this is the first research to examine the anomaly from the rational-
expectation perspective by constructing an investment-based risk factor for the
Chinese stock market. Although Fama and French (2016) also dissect the
investment anomaly from a rational perspective based on common risk factor
model, they did not put the Chinese stock market at the center of their study.
Meanwhile, neither of them takes into account the time-series variation in risk
premiums.
The rest of this chapter is organized as follows. Section 2 develops the
hypotheses and introduces sample data and the variables. Section 3 conducts the
empirical analysis on the investment-return relation in the Chinese Stock Market
employing both portfolio-level and firm-level data. Section 4 constructs an
investment-based risk factor, called AGR factor. The AGR factor is used to dissect
the investment anomaly, size anomaly and value anomaly. Furthermore, the
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dynamic pattern of risk premiums across market regimes is investigated. Section 5
presents conclusions.
2. Hypothesis and Methodology
2.1. Hypothesis Development
According to the analysis in Fama and French (2016), the relationship
between investment and expected return is predicted by the rational asset-pricing
model. From the dividend discount model:
௧ܲ = ෍ ܧ( ௧݀ାఛ)/(1 + ݎ)ఛஶ
ఛୀଵ
(2-1)
where, Pt is the current price of a stock. E(dt+τ) is the expected dividend per share in
period t+τ, while r is the expected return. 
Multiplying both sides of the equation by outstanding shares:




݀ܤ௧ାఛ = ܤ௧ାఛ− ܤ௧ାఛି ଵ (2-3)
Mt is the market capitalization of the firm. Yt is the total equity earning. Bt is the
book value.
Dividing both sides of eq. (2-2) by Bt, there is:
ܯ௧
ܤ௧
= ෍ ܧ( ௧ܻାఛ
ܤ௧









The theoretical model provides us with a clear rational expectation that
investment is negatively related with expected returns when other variables are
fixed. As being confirmed by much empirical evidence, the relation exists in many
markets. Even as an emerging market, the Chinese equity market follows the same
basic rules. So the discussion above leads to the first hypothesis (H1).
H1: Investment effect exists in the Chinese stock market.
Because corporate investment is a key concept in this investigation, it
should be defined clearly and measured prudently. Following Cooper et al. (2008),
Asset Growth (denoted by AG) is utilized to capture the cross-sectional average
stock returns. This metric is defined as the simple year-to-year percentage change
in total assets. It is defined that with larger value of AG, firms have higher
investment level. It is well accepted in recent studies and is treated as the most
popular investment proxy.
ܣܩ௧ି ଵ = ܶܣ௧ି ଵ− ܶܣ௧ି ଶܶܣ௧ି ଶ (2-6)
Utilizing the metric of Asset Growth (AG) to denote investment level,
hypothesis 1 (H1) can be dissected into two testable hypotheses:
H1a: Portfolios with a lower AG tend to have higher expected stock returns.
Portfolios with a higher AG tend to have lower future stock returns.
H1b: AG is negatively related with expected returns on a stock-level basis.
Moreover, the realized return is determined by:
ܴ∗ = ݈݊ ௧ܲ
௧ܲି ଵ
(2-7)
As shown in Figure 2.1, eq. (2-1), eq. (2-4) and eq. (2-7) imply a time-
series variation among expected returns, stock price, asset growth rate (AG) and
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realized returns. When expected returns fall after a firm conducts an investment,
the current price, Pt, increases to a higher point. When expected returns increase
after firm’s divestiture, Pt decreases to a lower level. Therefore, the current stock
price is positively related with investment. Also, a higher spot price implies higher
realized return. Hence a positive relation between realized return and investment
level, and a negative relation between realized return and expected return should be
found.
H2: Investment, denoted by AG, is positively related with past-realized
return.
So far, the first two hypotheses will help to verify the investment-return
relation in the Chinese stock market from the neoclassic model. The third
hypothesis focuses on the role of risk in the investment anomaly. This hypothesis
can be investigated under the beta-representation form of Cochrane (2005)
stochastic discount factor model (eq. (2-8) and eq. (2-9)), which is to test whether
investment is a pricing kernel that can capture the expected return differences
among assets.
ܧ(ܴ௧ାଵ) = ߛ+ ߚ௠ᇱ ∙ ߣ௠ (2-8)
with:
݉ = ܽ+ ܾᇱ∙ ݂ (2-9)
where m is the discount factor that cannot be observed directly but can be
estimated by the pricing kernels, f. The point is how to find the proper pricing
kernels.
As Fama and French (1993, 1996, 2008, & 2015) documented, size and
B/M are two possible state variables that reveal the priced risk movements beyond
the movements in the market portfolio and can explain why some average returns
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are higher than others. Based on this assumption, they constructed the factors SMB
and HML according to size and B/M, to explain the size anomaly and value
anomaly. Therefore, the investment anomaly can also be investigated by
constructing the new investment-based pricing kernel.
Several papers have made similar attempts. Xing (2008), Prombutra et al.
(2012) and Fama and French (2015), constructed the investment-based factors, but
each of them used different investment proxies. Xing (2008) constructed an
investment-growth risk factor to successfully interpret the value anomaly, while
Prombutra et al. (2012) claimed the failure of an investment-based risk factor.
Fama and French (2015) supported an investment-based factor as a basic common
risk factor for the US market. Considering that different proxies have been utilized
in the research of these three groups, their conclusions cannot reject the role of an
investment-based risk factor on return variations. Moreover, a risk factor should be
customized to different markets, so this essay explores the investment anomaly by
building up a Chinese investment-based common risk factor. The success of a
common risk factor will be based on the following hypothesis:
H3: The loadings on the investment-based return factor capture return
differences across portfolios, while the risk premium on the investment-based
return factor is positive and statistically significant.
Moreover, m in eq. (2-9) is a stochastic discount factor, which varies along
with macroeconomic states, and hence risk premium of the observed common risk
factor should also have time-series variations. Cochrane (2008) illustrates that how
risk premium varies across different market states through eq. (2-10).
ܧ௧(ܴ௧ାଵ௘ ) = −ܥ݋ݒ(݉ ௧ାଵ,ܴ௧ାଵ௘ ) (2-10)
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The eq. (2-10) illustrates a fact that assets that have a larger negative
covariance with the discount factor, mt+1, will have higher expected excess return,
thus the higher “risk premium”. Because mt+1 reflects the growth in marginal utility
of an investor, expressed by VW(t+1)/VW(t), where VW(t) is the marginal utility at t.
From the perspective of time t, VW(t) is fixed, so if investors are more hungry at t+1
(VW(t+1) is high), discount factor m is high at t+1. It is also known that investors
would rather assets do well when they are eager for extra wealth and do badly
when they do not particularly value marginal wealth. In another word, investors
like assets, whose payoff xit+1 positively covaries with their hunger, VW(t+1), thus a
positive cov(mt+1, xit+1). And investors avoid assets whose cov(mt+1, xit+1) is
negative. With such trend, assets that have positive covariance with m will be
driven up to a higher price and a lower expected excess return. And vise versa,
assets that have negative covariance with m will be pulled down to a lower price
and a higher risk premium.
According to Cochrane (2008), during bad times, investors usually value a
little bit of extra wealth, so their VW(t+1) is higher, implying a higher mt+1. Since
some stocks still pay off well during the bad times, satisfying investors’ hunger for
extra wealth, they can be regarded as the “good” stocks. But some stocks that
cannot provide good payoffs in theses times are the “bad” stocks. Following the
logic discussed above, the “good” stocks whose cov(mt+1, xit+1) is positive are
wanted by investors and thus get a higher price with a lower risk premium in
equilibrium. But “bad” stocks whose cov(mt+1, xit+1) is negative will have a lower
price with a higher risk premium. The return dispersions between “bad” and “good”
stocks are expected to expand. So return dispersions between “Small” stocks and
“Big” stocks, “High B/M” stocks and “Low B/M” stocks, “Low Investment” stocks
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and “High Investment” stocks, are expected to expand. Therefore, either size
anomaly or value anomaly or investment anomaly should be stronger during
market downturn. The discussion above leads to the fourth hypothesis.
H4: Risk premium on the common risk factors (including SMB, HML, AGR)
have pronounced asymmetry across Chinese stock market regimes. Specifically,
risk premium is higher under bear market and lower under bull market.
Figure 2.1. Relation among Expected Return, Realized Return, Asset Growth and
Price
Note: AGt refers to the asset growth of firm on time t. Pt is the current price of the
firm’s stock. E(R) and R* are expected return and realized return of the stock,










All nonfinancial firms listed as A-shares on the Shanghai Stock Exchange
and the Shenzhen Stock Exchange, excluding those in finance, insurance, and real
estate, are studied in this research. Annual corporate financial data and monthly
stock return records from January 1997 to March 2015 are obtained from the
RESSET Database (www.resset.cn).
To reduce survivorship bias, firms are included in the sample as long as
they have been in the RESSET database for at least three years, and have
December fiscal year-end data and 36 months of stock return data available. With
these restrictions, there are 18374 firm-year observations. Following the common
approach as stated in Fama and French (1992), the stock returns from July of year t
to June of year t+1 are matched with the accounting data from December of year t-
1.
Twenty-five Fama-French Size and B/M portfolios will be constructed as
the benchmark assets for the tests in Section 4. According to Fama and French
(1993), all firm-level data are double-sorted each year at the end of June by the
quintile cutoffs of firm size and book-to-market values. Then the 25 portfolios are
held for one year and the monthly value-weighted average returns for each
portfolio will be calculated.
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3. Investment Anomaly in the Chinese Stock Market
3.1. Descriptive Analysis
Descriptive statistics of the sample data are shown in Table 2.1. All of the
firms are divided into 10 portfolios according to the value of AG. Table 2.1 reports
the time-series average for each variable.
Table 2.1. Summary Statistics for Investment Deciles Portfolios
AG Deciles AG B/M Beta Size
Low 1 -0.31 0.38 1.03 9.46
2 -0.03 0.43 1.06 9.52
3 0.02 0.42 1.05 9.57
4 0.05 0.42 1.03 9.66
5 0.09 0.41 1.05 9.69
6 0.12 0.41 1.03 9.7
7 0.17 0.39 1.02 9.75
8 0.22 0.37 1.02 9.76
9 0.31 0.37 1.03 9.79
High 10 0.51 0.35 1.03 9.81
Low-High -0.82 0.03 0 -0.35
T-Statistic -18.72 1.61 -0.05 -3.32
Note: This table reports the characteristics of investment deciles portfolios. In the
end of June of every year from 1998 to 2014, sample stocks are equally divided
into ten groups according to their lagged asset growth (AG). From “Low” decile
to “High” decile, investment level ascends from lowest level to highest level. B/M
refers to the book-to-market ratio, while Size refers to market capitalization. Beta
is calculated through the Capital Asset Pricing Model.
Specifically, according to Table 2.1, the lowest investment level group,
decile 1, has an average AG of -31%, which is negative growth. On the other hand,
the highest investment group, decile 10, has an average AG of 51%. The range of
investment level (AG) between the two groups is as large as 82%. Additionally,
portfolios with lower AG tend to have relatively higher B/M and smaller size,
while portfolios with higher AG tend to have lower B/M and larger size. The
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results imply that investment (AG) has the same pattern with respect to firm size
but an opposite pattern with respect to B/M value. This result is also consistent
with the findings of Cooper et al. (2008) and Xing (2008). Concerning that small
firms (small size) outperform the big firms (big size) and high B/M firms tend to
outperform the low B/M firms (Fama and French, 1993), the expectation that low
AG firms outperform the high AG firms is plausible.
3.2. Return Variation across Investment Decile Portfolios
3.2.1. Average Returns across Investment Decile Portfolios
This section investigates whether significant variation in portfolio returns
exists among different investment deciles. All firms are allocated into 10 groups at
the end of June each year and then held for one year. The average monthly returns
for the ten investment groups are reported in column “raw returns”, and returns
adjusted by the CAPM and Fama-French three-factor model are reported in column
“CAPM α” and “FF3 α”, respectively. 
With respect to the raw returns, portfolio formed by stocks with the lowest
past asset growth (AG) has the largest average return, which is 2.31% (EW) and
2.27% (VW). In contrast, the portfolio with the highest past AG has the smallest
average return, which is 1.43% (EW) and 1.40% (VW). The monthly return to the
equal-weighted hedging portfolio (long in Low-AG decile and short in High-AG
decile) is 0.88%, with a t-statistic of 2.78, which is statistically significant at the
1% level. Similarly, the monthly return for the value-weighted hedging portfolio is
0.87 % and also significant at 1% level.
26
Table 2.2. Average Monthly Return of Investment Deciles Portfolios
AG Deciles EW VWRaw Return CAPM α FF3 α Raw Return CAPM α FF3 α 
Low 2.31 1.10 0.23 2.27 1.06 0.20
(2.58) (3.09) (1.35) (2.55) (3.04) (1.22)
2 1.81 0.65 -0.10 1.79 0.63 -0.10
(2.26) (2.29) (-0.82) (2.25) (2.25) (-0.86)
3 1.91 0.74 0.08 1.88 0.72 0.07
(2.46) (2.75) (0.57) (2.43) (2.70) (0.48)
4 1.82 0.69 0.07 1.80 0.67 0.07
(2.41) (2.79) (0.55) (2.39) (2.75) (0.50)
5 1.62 0.49 -0.07 1.59 0.46 -0.09
(2.27) (2.06) (-0.46) (2.23) (1.99) (-0.59)
6 1.53 0.38 -0.10 1.51 0.37 -0.10
(2.06) (1.79) (-0.74) (2.04) (1.74) (-0.75)
7 1.58 0.45 -0.03 1.56 0.43 -0.03
(2.15) (2.21) (-0.23) (2.13) (2.16) (-0.26)
8 1.56 0.42 -0.01 1.55 0.40 -0.01
(2.12) (1.95) (-0.04) (2.10) (1.89) (-0.06)
9 1.50 0.38 0.01 1.48 0.36 0.01
(2.07) (1.86) (0.08) (2.05) (1.82) (0.08)
High 1.43 0.34 -0.10 1.40 0.31 -0.11
(2.00) (1.44) (-0.54) (1.96) (1.33) (-0.64)
Low-High 0.88*** 0.76*** 0.32 0.87*** 0.76*** 0.32
(2.78) (2.80) (1.56) (2.82) (2.84) (1.55)
Note: * p<0.10, ** p<0.05, *** p< 0.01. This table reports the average monthly
raw returns and risk-adjusted returns of investment deciles. In the end of June of
every year from 1998 to 2014, all firms are divided into 10 groups according to
their lagged investment proxy: AG. Each group is formed as equal-weighted or
value-weighted portfolio and held for one year. “Raw Return” is the average
monthly raw returns. “CAPM α” is the risk-adjusted portfolio return estimated by 
CAPM. “FF3 α” is the risk-adjusted portfolio return estimated by Fama and 
French Three-Factor Model. T-statistics are estimated using Newey-West (1987)
standard errors with 3 lags and reported in parenthesis.
As for the Jensen’s alpha reported in the column “CAPM α”, it is shown 
that low-AG portfolios have significantly larger unexplained returns (α), while 
high-AG portfolios have smaller unexplained returns (α). The difference in 
Jensen’s alpha between “Low” and “High” portfolios is 0.76% per month. The
difference is significant at 1% significant level. However, similar to the findings in
Wang, Liu, Lee, and Wang (2015), when adjusting the raw returns under the Fama-
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French three-factor model, the dispersion over the unexplained returns is no longer
significant, which implies that the investment anomaly could be attributed to
common risk factors.
3.2.2. Average Returns across Double-Sorted Portfolios
Prior analysis implied that there is a negative relation between AG and
cross-sectional returns, but other firm characteristics, such as size and book-to-
market ratio (B/M), may also be relevant to the investment-return relation. In order
to distinguish the investment effect from size effect and value effect, the two-stage
sequential sorting procedure is adopted.
Table 2.3 reports the average monthly raw returns and risk-adjusted returns
of the 25 portfolios sorted by size and asset growth. After controlling for size,
investment anomaly is still persistent for small-size portfolio, because return
dispersion between low-investment and high-investment portfolios is still
significantly positive. According to Panel A, among the smallest firms, the raw
return differences between low-investment and high-investment quintiles are
0.71% and 0.53%, significant at 10% and 5% levels, respectively. Even adjusted
from CAPM, dispersion on the Jensen’s alpha between investment quintiles is still
significant.
Therefore, the investment anomaly is persistent among small firms, which
is consistent with Fama and French’s (2008) finding on the United States market.
Nevertheless, aligning with the result shown in Table 2.3, when raw returns are
adjusted by Fama-French three-factor model, the return dispersions between
extreme portfolios are no longer significant. As Li and Zhang (2010) pointed out
that the SMB and HML factors might be related with investment, we further study
the investment anomaly under the framework of common risk factor models.
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Table 2.3. Investment Anomaly after Controlling for Size
AG
Size
Panel A: Raw returns
Low 2 3 4 High Low-High
Small 2.97 2.64 2.31 2.38 2.26 0.71*
(3.20) (3.17) (3.01) (3.00) (2.83) (1.83)
2 2.16 2.15 2.02 1.80 1.64 0.53**
(2.47) (2.68) (2.61) (2.35) (2.15) (1.98)
3 1.22 1.62 1.68 1.84 1.53 -0.31
(1.51) (2.10) (2.23) (2.48) (2.17) (-1.37)
4 1.28 1.31 1.31 1.38 1.35 -0.07
(1.64) (1.71) (1.81) (1.88) (1.88) (-0.30)
Big 1.38 1.11 0.91 0.96 0.96 0.42
(1.85) (1.58) (1.26) (1.32) (1.31) (1.61)
Panel B: CAPMα
Low 2 3 4 High Low-High
Small 1.79 1.49 1.16 1.24 1.17 0.61*
(4.01) (3.68) (3.23) (3.40) (2.84) (1.73)
2 0.96 1.00 0.88 0.66 0.54 0.42*
(2.82) (3.17) (2.72) (2.18) (1.76) (1.76)
3 0.05 0.46 0.54 0.70 0.44 -0.39*
(0.17) (1.74) (1.82) (2.62) (1.68) (-1.92)
4 0.10 0.16 0.17 0.24 0.23 -0.13
(0.36) (0.66) (0.71) (1.05) (0.95) (-0.58)
Big 0.24 -0.03 -0.21 -0.17 -0.15 0.39
(1.13) (-0.17) (-1.43) (-1.11) (-0.78) (1.50)
Note: * p<0.10, ** p<0.05, *** p< 0.01. This table reports the average monthly
raw returns and risk-adjusted returns of 25 size-investment portfolios. In the end of
June of every year from 1998 to 2014, all firms are divided into 5 groups
according to their market capitalization, Size. Within each size group, firms are
then allocated into 5 groups based on the AG quintile cutoffs. Firms are formed as
equal-weighted portfolio and held for one year. Monthly average raw returns for
each portfolio are calculated and listed in Panel A. Risk-adjusted returns estimated
from CAPM are listed in Panel B. T-statistics are estimated using Newey-West
(1987) standard errors with 3 lags and reported in parenthesis.
Table 2.4 reports the average monthly raw returns and risk-adjusted returns
of the 25 portfolios sorted by B/M value and asset growth. After controlling for
B/M, the investment anomaly is still significant in most of the B/M levels. Among
the firms with the lowest B/M value, the raw return difference between low-AG
and high-AG portfolios is as large as 1.2% per month and is significant at the 1%
level. Even adjusted from the CAPM, the unexplained alpha difference between
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low-AG and high-AG quintiles is 1.01% and still significant at the 1% level.
Consistent with the findings of Xing (2008), investment effect is persistent even
after controlling for B/M value. So the investment anomaly is independent from the
size effect and the value effect for the Chinese stock market.
Table 2.4. Investment Anomaly after Controlling for B/M
AG
B/M
Panel A: Raw returns
Low 2 3 4 High Low-High
Low 2.32 1.54 1.35 1.22 1.12 1.20***
(2.49) (2.08) (1.96) (1.77) (1.60) (2.85)
2 2.05 1.78 1.81 1.47 1.66 0.39
(2.50) (2.38) (2.41) (1.93) (2.27) (1.44)
3 1.91 2.26 1.58 1.70 1.15 0.76**
(2.31) (2.68) (2.11) (2.26) (1.56) (2.36)
4 2.12 2.02 1.54 1.75 1.52 0.61*
(2.39) (2.53) (2.04) (2.32) (2.07) (1.81)
High 2.08 1.64 1.62 1.76 1.76 0.32
(2.45) (2.15) (2.16) (2.24) (2.34) (1.13)
Panel B: CAPM α 
Low 2 3 4 High Low-High
Low 1.07 0.42 0.29 0.14 0.06 1.01***
(2.71) (1.37) (1.13) (0.54) (0.24) (2.89)
2 0.90 0.65 0.67 0.32 0.57 0.33
(2.69) (2.17) (2.34) (1.21) (2.04) (1.29)
3 0.75 1.05 0.44 0.56 0.03 0.72**
(2.02) (3.42) (1.57) (2.27) (0.11) (2.29)
4 0.93 0.87 0.37 0.60 0.40 0.53*
(2.66) (3.01) (1.59) (2.54) (1.53) (1.75)
High 0.88 0.49 0.44 0.58 0.64 0.24
(3.09) (2.16) (1.80) (2.59) (2.79) (0.91)
Note: * p<0.10, ** p<0.05, *** p< 0.01. This table reports the average monthly
raw returns and risk-adjusted returns of 25 B/M-investment portfolios. In the end
of June of every year from 1998 to 2014, all firms are divided into 5 groups
according to their book-to-market ratio, B/M. Within each B/M group, firms are
then allocated into 5 groups based on the AG quintile cutoffs. Firms are formed as
equal-weighted portfolio and held for one year. Monthly average raw returns for
each portfolio are calculated and listed in Panel A. Risk-adjusted returns estimated
from CAPM are listed in Panel B. T-statistics are estimated using Newey-West
(1987) standard errors with 3 lags and reported in parenthesis.
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3.3. Stock Level Investment-Return Relation
In order to confirm hypothesis H1b, analysis is converted from portfolio
level to individual stock level and adopts the multivariate cross-sectional
regressions. At each point in time, excess equity returns over the subsequent twelve
months are regressed on lagged investment proxy (AG) and the robustness
regression controls for other firm characteristics (market capitalization, book-to-
market ratio and beta). The two estimation models are shown as follows:
ܴ௜,௧− ௙ܴ,௧ = α + β ∙ ܰܫ ௜ܸ,௧ି ଵ + ߝ (2-11)
ܴ௜,௧− ௙ܴ,௧ = α + β ∙ ܰܫ ௜ܸ,௧ି ଵ + β ∙ ܼܵܫ ܧ௜,௧ି ଵ + β ∙ ܤ/ ௜,௧ି ଵ + β ∙ ܤ ݁ܽݐ ௜,௧ି ଵ+ ߝ (2-12)
where ܴ௜,௧− ௙ܴ,௧ is the monthly individual excess return at each point in time,
ܰܫ ௜ܸ,௧ି ଵ refers to lags of the investment proxy (AG). ܼܵܫ ܧ௜,௧ି ଵ and ܤ/ ௜,௧ି ଵ are
lagged market capitalization and lagged book-to-market value, respectively, while
ܤ ݁ܽݐ ௜,௧ି ଵ is the individual market beta calculated from the CAPM.
Table 2.5. Cross-Sectional Regressions of Stock Returns on Investment Variable
Panel A: Single Factor Regression
Intercept AGi,t-1 R2
Coefficient 0.31 -0.17 0. 46%
T-Statistic 32.7 -7.25
Panel B: Multi-Factor Regression
Intercept AGi,t-1 B/Mi,t-1 Sizei,t-1 Betai,t-1 R2
Coefficient 5.01 -0.08 0.82 -0.53 -0.05 11.41%
T-Statistic 23.18 -2.4 21.65 -23.65 -2.22
Note: Annual stocks returns from July 1998 to June 2014 are regressed on the
lagged investment or accounting variables. Returns for year (t) is matched with the
lag asset growth (AGi,t-1). B/M is defined the same as Fama and French (1993), in
which book value in December year (t-1) is matched with the market value in June
year (t). Size is the market capitalization in the end of June year (t). Beta is the
sensitivity to the market portfolio estimated from the capital asset pricing model.
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As shown in Panel A of Table 2.5, the coefficient of AG is -0.17, which is
statistically significant at the 1% level. In Panel B, firm excess stock returns are
regressed on AG and a set of other variables describing firm characteristics. Asset
growth maintains its cross-sectional predictability, despite a decline of its
coefficient and significance. However, the variable of AG has performed better
than the market beta in the regression. Therefore, according to Table 2.5, the stock-
level cross-sectional analysis, with a large sample size, confirms the significant
negative relationip between firm investment and future stock returns observed in
the portfolio-level analysis. Although abnormal return dispersions are reduced after
adjusted by the Fama-French Three-Factor Model, results in Table 2.5 still imply
that that this negative relationship is robust after controlling for other firm
characteristics, including size and book-to-market value.
Until now, a negative relation between investment and stock returns in the
Chinese stock market has been verified from both stock-level and portfolio-level
analyses. Stocks with higher investment level will have lower future returns and
vice versa. Therefore, Hypothesis H1 has been confirmed.
3.4. Realized Return and Expected Returns
This section studies the return variations before and after the portfolio
formation time.
Table 2.6 reports the average raw returns for the investment deciles
portfolios around the formation time. The monthly returns to the hedging portfolio
(long in the lowest-investment decile and short in the highest-investment decile)
are also reported in row labeled “Low-High”. What should be noticed is that after
the investment level is changed, which is after the event time, the monthly spreads
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are positive. However, before the investment level is changed, the monthly spreads
are significantly negative.
Table 2.6. Raw Returns of Investment-Sorted Portfolios around Event Time
AG Deciles Year -3 Year -2 Year -1 Year 1 Year 2 Year 3
Low param 1.12 0.75 0.96 1.86 1.91 1.76
T 1.22 0.83 1.16 2.13 2.21 1.83
2 param 1.02 0.89 1.13 1.51 1.89 1.81
T 1.17 1.07 1.42 1.87 2.25 2.12
3 param 1.06 0.99 1.22 1.58 1.76 1.59
T 1.23 1.22 1.58 2.02 2.19 1.91
4 param 1.31 0.86 1.3 1.54 1.62 1.57
T 1.56 1.11 1.71 2.02 2.02 1.9
5 param 1.28 1.16 1.36 1.28 1.58 1.57
T 1.52 1.43 1.85 1.76 2.04 1.92
6 param 1.49 1.33 1.46 1.24 1.6 1.37
T 1.82 1.68 1.92 1.65 2.02 1.71
7 param 1.57 1.6 1.48 1.3 1.51 1.45
T 1.92 2.04 2.02 1.74 1.97 1.78
8 param 1.7 1.66 1.51 1.31 1.43 1.51
T 1.97 2.15 2.06 1.74 1.88 1.85
9 param 1.98 2.15 1.83 1.23 1.59 1.55
T 2.28 2.6 2.38 1.68 2.03 1.85
High param 2.25 2.69 2.31 1.03 1.52 1.6
T 2.48 3.12 2.87 1.44 1.99 2.17
Low-High param -1.13*** -1.94*** -1.35*** 0.83*** 0.39 0.16
T -4.11 -6.23 -4.45 2.91 1.62 0.8
Note: * p<0.10, ** p<0.05, *** p< 0.01. In the end of June each year from 1999 to
2012, stocks are equal-weighted allocated into ten groups based on their previous
fiscal year asset growth (AG). Average monthly returns to the portfolios that are
formed in June year (t) and held from July year (t) to June year (t+1) are reported
on column “Year 1”. Average monthly returns to the portfolios that are formed in
June year (t) and held from July year (t+1) to June year (t+2) are listed on the
column “Year 2”. Similarly, “Year -1” reports the returns to the portfolios that are
held from July year (t-1) to June year (t). “Year -3”, “Year -2” and “Year 3”
apply the same rule. T-statistics are estimated using Newey-West (1987) standard
errors with 3 lags.
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Specifically, referring to the column “Year 1”, which is the first year after
10 portfolios sorted, the portfolio with the lowest AG has an average monthly
return of 1.86%, while the portfolio with the highest AG has an average monthly
return of 1.03%. The monthly spread between the lowest- and highest-investment
deciles is 0.83% (t-stat=2.91), implying a significant negative relation between
asset growth level and expected raw returns. Figures in column “Year 2” and “Year
3” imply that the negative investment-return relation is no longer persistent in the
second and third year after formation. However, the relation is significantly
reversed when we move to the pre-ranking period. The realized return shown in
column “Year -1” is smaller (0.96%) for low-AG group but larger (2.31%) for
high-AG group. The return spread of “Low-High” is -1.35% and significant at 1%
level. The negative return spread is persistent in two-year and three-year prior
formation time. Therefore, investment is positively related with realized return.
Figure 2.2 plots the return variations around event time. It clearly shows a
significant negative relation between investment and expected returns but a
positive relation between realized returns and investment. This finding is consistent
with hypothesis 2 (H2) that is derived from the rational expectation.
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Figure 2.2. Raw Returns of Investment-Sorted Portfolios around Event Time
Note: This figure reports the average raw returns for the ten investment-sorted
portfolios prior and after the event time. In the end of June each year from 1999 to
2012, stocks are sorted into ten groups based on their previous fiscal year
investment proxy (AG). Ten equal-weighted portfolios are formed and held from
July year (t) to June year (t+1), and then rebalanced. Vertical axis reports the
average raw returns in percentage. Average monthly returns to the portfolios that
are formed in June year (t) and held from July year (t) to June year (t+1) are
reported on the horizontal axis labeled as “Year 1”, from July year (t+1) to year
(t+2) are reported on the horizontal axis labeled as “Year 2”, etc. Different lines
represent the different investment-sorted portfolios. From “1” to “10”, investment
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4. Investment Anomaly and Common Risk Factors
4.1. Empirical Methodology
4.1.1. Constructing an Investment-Based Factor
According to the discussion of hypothesis 3 (H3) in section2, an
investment-based factor is constructed in this section to dissect the Chinese
investment anomaly.
The so-called investment-based factor is a mimicking portfolio based on the
variable measured by AG. Following the methodology of Fama and French (1993),
at the end of June every year, all the sample stocks are divided into 6 groups by
their size and AG cutoffs. The low investment group is composed of the lowest
30% AG firms. The high investment group includes the highest 30% AG firms.
The remaining 40% of stocks comprise the medium group. Following equation (2-
13), value-weighted return difference between the low investment group and the
high investment group within each of the size groups is calculated and averaged.
The return difference is an investment-based common risk factor, denoted by
AGR1 (asset growth-based excess return). Table 2.7 sketches the formation of the
investment factor.
1 To be noticed, the construction method and underlying variable of AGR here are the same with
CMA- the investment factor proposed by Fama and French (2015). However, the author first
constructed the AGR in 2011, and originally used it to explain the investment anomaly in the
Chinese stock market. The originalities of CMA and AGR are independent with each other.
Therefore, we retain the adoption of AGR. Nevertheless, it is necessary to claim that the formation
of AGR is following the convention of constructing HML and SMB in Fama and French (1993).
Also, investment measurement is the simple growth rate of total asset in either AGR or CMA.
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S (50%) S/L S/M S/H
B (50%) B/L B/M B/H
Note: Size refers to the market capitalization of the stocks in June year (t). “S” and
“B” imply “small” and “big”, respectively. Asset Growth (AG) is adopted as the
investment proxy. “L”, “M” and “H” represent the low, median, and high
investment level, respectively. All of the stocks are sorted based on Size and AG
cutoffs. Six groups are formed, denoted by “S/L”, “S/M”, “S/H”, “B/L”, “B/M”,
and “B/H”.
Table 2.8. Summary Statistics for Risk Factors
Panel A: Descriptive Statistics
MKT SMB HML SMB* AGR
MEAN 0.64 0.55 0.43 0.58 0.01
STD 0.08 0.05 0.03 0.04 0.02
Panel B: Pierson Correlation
MKT 1.00 0.07 0.18 0.02 0.13
SMB 0.07 1.00 -0.22 0.96 0.65
HML 0.18 -0.22 1.00 -0.19 0.08
SMB* 0.02 0.96 -0.19 1.00 0.61
AGR 0.13 0.65 0.08 0.61 1.99
Note: Summary statistics of the common risk factors are reported in this table.
Market factor, size factor and B/M factor from the Fama-French three-factor
model are listed for comparison (MKT, SMB, HML). SMB* and AGR are the new
factors proposed in this study.
A new size factor, SMB*, is calculated according to eq. (2-14). Since the
new size factor SMB* has been highly correlated with the original SMB2 in the
Fama-French three-factor model, with a correlation coefficient of 0.96 (see Table
2.8), the original SMB factor is used instead of SMB* in all the following models
2 According to Xing (2008), SMB* could be substituted with SMB because they have same
conventions.
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to make the results compatible. Table 2.8 lists the summary statistics for each risk
factor, Fama-French factors (MKT, SMB, and HML), AGR, and SMB*.AGR = ൫ܴ ௌ/௅ + ܴ஻/௅− ܴௌ/ு − ܴ஻/ு൯÷ 2 (2-13)SMB∗ = ൫ܴ ௌ/௅ + ܴௌ/ெ + ܴௌ/ு − ܴ஻/௅− ܴ஻/ெ − ܴ஻/ு൯÷ 3 (2-14)
4.1.2. Fama–MacBeth Two-Stage Cross-Sectional Regression
To test the common risk factors, the common two-stage cross-sectional
regression methodology following the conventions in Fama and MacBeth (1973) is
adopted and introduced as follows:
In Phase 1, each asset conducts the following time-series regressions to
estimate factor betas. The model follows eq. (2-15):
ܴ௜,௧− ௙ܴ,௧ = α + β௜,ெ ∙ ൫ܴ ௠ ,௧− ௙ܴ,௧൯+ β௜,ௌெ ஻ ∙ ܵܯ ܤ௧+ β௜,ுெ ௅ ∙ ܪܯܮ௧+ β௜,஺ீோ ∙ ܣܩܴ௧, t = 1,2, … T (2-15)
where ܴ௜,௧, ௙ܴ,௧ and ܴ௠ ,௧are the monthly returns of asset i, risk-free asset and the
market portfolio in time t. The asset i, for i=1…25, are the 25 Size-B/M benchmark
portfolios. The SMB and HML are the Fama-French size and B/M factors. The
AGR is the investment factor proposed in the previous section.
In Phase 2, cross-sectional excess asset returns are regressed on the factor
loadings at each time point, according to model (2-16):
ܴ௜,௧− ௙ܴ,௧ = ߣ଴ + ߣଵ,௧ ∙ ߚመ௜,ெ ௄் + ߣଶ,௧ ∙ ߚመ௜,ௌெ ஻ + ߣଷ,௧ ∙ ߚመ௜,ுெ ௅ + ߣସ,௧ ∙ ߚመ௜,஺ீோ+ ߥ௜, ݅= 1,2, … 25 (2-16)
where ܴ௜,௧− ௙ܴ,௧ is the monthly excess return on test asset i at each time point over
the sample period, and β෠is the coefficient of each factor estimated in Phase 1. Risk
premiums are denoted by λ. Since the cross-sectional regression is conducted every 
month over the sample period, risk premium λ is a 1*T vector series. Then the risk 
premium, λ, is estimated in eq. (2-17): 
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λ෠= 1T෍ λ෠୲ ,୘
୲ୀଵ




Our attention is driven to λ4, which would be positive if the investment-
based factor is a properly priced risk factor.
4.1.3. Markov Regime-Switching Model
To capture the time-series variation in risk premiums for each of the
common risk factors, a multivariate Markov Regime-Switching (MRS) model is
adopted, following the conventions of Hamilton (1989, 1994).
According to the new four-factor pricing model (2-15), risk premium of
four common risk factors can be represented as a matrix ߣ:
ߣ= [ߣெ ௄்,ߣௌெ ஻ ,ߣுெ ௅,ߣ஺ீோ] (2-19)
Since the common risk factors are mimicking portfolios that have no
autoregressive term, a simple mean-variance MRS model is considered. Moreover,
as the Chinese stock market has manifest bear market and bull market, two states
are allowed in this model. The monthly excess return of Shanghai Composite Index
(denoted by COM) is jointly modeled to identify market regime.
ߣெ ௄் = ߤ௠ ,ௌ೟ + ௠߳ ,௧ (2-20)
ߣௌெ ஻ = ߤ௦,ௌ೟ + ௦߳,௧ (2-21)
ߣுெ ௅ = ߤ௛,ௌ೟ + ௛߳,௧ (2-22)
ߣ஺ீோ = ߤ௔,ௌ೟ + ௔߳,௧ (2-23)
ߣ஼ைெ = ߤ௖,ௌ೟ + ௖߳,௧ (2-24)
39
with:





௧ܵ = 1, 2 (2-30)
ܥ݋ݒ൫߳ ௠ ,௧, ௦߳,௧, ௛߳,௧, ௔߳,௧, ௖߳,௧൯= 0 (2-31)
where St is an indicator variable that denotes the possible two states. ௧߳ is the
residual vector that follows the normal distribution. ߪௌ೟
ଶ is the variance at state St.
For a regime-switching model, the transition of states is stochastic. But the
switching process follow a Markov chain and is driven by a transition matrix,
which controls the probabilities of making a switch from one state to the other. The
transition matrix is represented as:
ߎ = ൤ ଵܲଵ ଵܲଶ
ଶܲଵ ଶܲଶ
൨ (2-32)
where Pij is the probability of switching from state i to state j.
Consider ߰௧ି ଵ as the matrix of available information at time t-1. The
probability of State 1 or 2 is calculated as follows:
ߨଵ = ܲݎ( ଴ܵ = 1|߰଴) = 1 − ଶܲଶ2 − ଵܲଵ− ଶܲଶ (2-33)
ߨଶ = ܲݎ( ଴ܵ = 2|߰଴) = 1 − ଵܲଵ2 − ଶܲଶ− ଵܲଵ (2-34)
Applying the Hamilton’s filter, the estimates of probabilities can be
acquired by doing iterative algorithm. Also, the log likelihood of the model is
derived:
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Maximum likelihood remains a convenient and useful appropriate method
to estimate the log likelihood function. So maximizing eq. (2-35) leads to the
derivation of the estimates regarding to the parameters and states.
4.2. Interpreting Excess Returns through AGR Factor
4.2.1. Time-Series Regressions for Factor Models
Six asset-pricing models are employed to interpret the excess returns of
benchmark assets (25 Size-B/M portfolios). The newly proposed AGR factor is
adopted in Model 3, Model 4 and Model 5:
Model 1: Ri – Rf = αi + βi·MKT + εi (2-36)
Model 2: Ri – Rf = αi + βi·MKT + si·SMB + hi·HML + εi (2-37)
Model 3: Ri – Rf = αi + βi·MKT + ci·AGR + εi (2-38)
Model 4: Ri – Rf = αi + βi·MKT + si·SMB + ci·AGR + εi (2-39)
Model 5: Ri – Rf = αi + βi·MKT + si·SMB + hi·HML + ci·AGR + εi (2-40)
Model 6: Ri – Rf = αi + βi·MKT + hi·HML + εi (2-41)
Time-series regressions are conducted for each of the 25-benchmark assets.
For each portfolio, time-series returns are regressed on the common risk factors
based on Model 1 to Model 6. Table 2.9 reports the empirical statistics, including
factor loadings (coefficients), t-statistics and adjusted R-square, of Model 1 and
Model 3.
By comparing the estimates of adjusted R-square in Panel A and Panel B, it
is clear that adding AGR to Model 1 helps to increase the model’s adjusted R-
squared generally, which improves the explanatory power of the model. For
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example, adjusted R2 for Small and Low B/M portfolio is 63% under the CAPM,
but this figure increases to 79% when AGR is added.
Furthermore, to test whether the expected values of the intercept estimates
are jointly zero for a group of portfolios, the GRS test of Gibbons, Ross and
Shanken (1989) is conducted and provided in Table 2.10.
In Panel A of Table 2.10, regressions are conducted on the excess returns of
the 10 AG-sorted portfolios. F-statistic and its p-value do not reject the null
hypothesis for Model 1, 2, 4, 5 and 6. Compared with Model 2 (the Fama and
French three-factor model), Model 5 that includes the new AGR factor, though has
a relatively higher average absolute alpha (0.10 compared with 0.08), has a lower
standard error of alpha (0.16 compared with 0.17) and a higher average R2 (0.95
compared with 0.94).
Panel B of Table 2.10 reports the estimates of GRS statistics for the 25
Fama and French Size-B/M portfolios. The GRS F statistics and p-values reject all
of the pricing models at the 10% significant level. But at the 5% significant level,
Model 2 and Model 4 cannot be rejected according to their GRS estimates. Model
4 is a new three-factor model that replaces the HML with AGR. What’s more, if
the significant level is 1%, Model 5 will not be rejected and has the pricing power.
Compared with Model 2, Model 5 has the same average absolute alpha, average R2,
but a lower standard error of alpha.
Therefore, factor models that include the AGR can partially capture the
unexplained returns for the excess returns of the AG-sorted portfolios.
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Table 2.9. Empirical Statistics across 25 Size-B/M Portfolios in Time-Series
Regressions
Size B/M Quintiles
Quintiles Low B/M 2 3 4 High B/M
Panel A: Model1: R୧-R୤= α୧+ β୧∙ MKT + ε୧
MKT Coefficient
Small 1.06 1.02 1.04 1.08 1.11
2 1.10 1.09 1.04 1.07 1.08
3 0.97 1.02 1.07 1.08 1.09
4 0.94 0.99 1.09 1.09 1.12
Big 0.95 1.05 1.04 1.10 0.99
MKT t-statistics
Small 15.17 16.44 16.39 16.57 17.05
2 17.10 18.93 18.44 17.60 18.63
3 17.06 19.92 20.10 19.61 22.40
4 19.54 21.11 25.89 23.82 25.63
Big 27.52 30.64 31.42 33.95 24.56
Adjusted R2
Small 0.63 0.66 0.66 0.67 0.68
2 0.68 0.72 0.71 0.69 0.72
3 0.68 0.74 0.75 0.74 0.79
4 0.74 0.76 0.83 0.81 0.83
Big 0.85 0.87 0.88 0.89 0.81
Panel B: Model 3: R୧-R୤= α୧+ β୧∙ MKT + c୧∙ AGR୧+ ε୧
AGR Coefficient
Small 2.27 1.85 1.83 2.05 1.64
2 1.77 1.65 1.55 1.74 1.69
3 1.20 1.03 1.33 1.55 1.39
4 0.71 0.71 1.02 1.11 1.13
Big -0.11 -0.08 0.02 0.20 0.14
AGR t-statistics
Small 10.38 8.84 8.43 9.64 6.91
2 7.87 8.38 7.85 8.30 8.60
3 5.55 5.23 6.88 8.10 8.31
4 3.66 3.80 6.64 6.59 7.27
Big -0.74 -0.58 0.16 1.48 0.80
Adjusted R2
Small 0.79 0.78 0.78 0.80 0.76
2 0.78 0.82 0.80 0.80 0.82
3 0.74 0.78 0.81 0.82 0.86
4 0.76 0.79 0.87 0.85 0.87
Big 0.85 0.87 0.88 0.89 0.81
Note: The regressions are conducted for each of the 25 Fama-French portfolios
returns. This table reports the empirical statistics of the first stage of the Fama-
Macbeth regression for model 1 and model 3.
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Table 2.10. GRS Test for Factor Models











Model 1: CAPM 1.39 0.19 0.56 0.26 0.85
Model 2: FF3 0.68 0.74 0.08 0.17 0.94
Model 3: MKT+AGR 2.42 0.01 0.51 0.24 0.87
Model 4:
MKT+SMB+AGR 1.57 0.12 0.12 0.17 0.94
Model 5: FF3+AGR 1.50 0.14 0.10 0.16 0.95
Model 6: MKT+HML 1.60 0.11 0.62 0.24 0.87











Model 1: CAPM 1.75 0.02 0.47 0.30 0.80
Model 2: FF3 1.53 0.06 0.38 0.20 0.92
Model 3: MKT+AGR 1.88 0.01 0.42 0.29 0.82
Model 4:
MKT+SMB+AGR 1.59 0.05 0.39 0.22 0.90
Model 5: FF3+AGR 1.65 0.03 0.38 0.19 0.92
Model 6: MKT+HML 1.76 0.02 0.49 0.28 0.83
Note: The table explores how well the six pricing models explain the excess returns
on the 10 AG-sorted portfolios and the 25 Fama and French Size-B/M portfolios.
GRS F-stat is the F statistic of Gibbons, Ross and Shanken (1989), which is to test
whether the expected values of the 10 or 25 unexplained returns (alphas) are
jointly zero. P-value is the p value of the GRS F-Statistic. Mean |Alpha| reports the
average absolute value of the intercepts (alphas). Mean SE is the average standard
error of intercepts. Mean Adj. R2 shows the average of the regression R2.
4.2.2. Interpreting Size Effect and Value Effect
Moreover, in order to shed light on H3, whether loadings of investment
factor (AGR) can capture the return differences among the 25 Size-B/M portfolios
is explored in this section. Figure 2.3 plots the patterns of AGR loadings. It shows
that small size portfolios (within the first 10 groups) tend to have higher AGR
coefficients. This finding is exactly aligned with the fact that smaller firms tend to
have higher returns, implying that more exposures to the AGR factor will capture
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the larger expected returns that are associated with smaller size. From this
perspective, the size anomaly can be captured by the AGR factor.
Moreover, when dissecting value anomaly, within the big size portfolios
(from group 11 to group 25), the loadings on the AGR factor of each portfolio
increase as book-to-market value increases. Therefore, more exposures to the AGR
factor can capture the higher expected returns accompanied by higher B/M value.
The value effect is hence partially interpreted by the AGR factor.
Figure 2.3. Patterns of AGR Loadings
Note: This figure reports the loadings on AGR factor in Model 3, Model 4, and
Model 5 for each of the 25 size-B/M portfolios. Horizontal axis indicates the
portfolios. From 1 to 25, size increases from small to big, within each five group of
portfolios, B/M value increases from low to high. Vertical axis shows the loadings
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4.2.3. Interpreting Investment Anomaly
In order to see how factor loadings of AGR vary across the investment-
groups, 10 portfolios based on individual firms’ investment levels are formed.
Monthly returns for the investment-sorted portfolios are regressed on the four
factors (MKT, AGR, SMB and HML) following Model 5. Loadings on AGR, SMB
and HML are plotted in Figure 2.4. Meanwhile, average monthly return of each
portfolio is also presented for comparison.
Figure 2.4. Patterns of Common Risk Factor Loadings and Raw Returns
Note: This figure reports the loadings on AGR, SMB and HML factors for each of
the ten investment-sorted portfolios. Factor loadings are estimated from Model 5.
Horizontal axis indicates the ten portfolios. From 1 to 10, investment level of each
group increases from low to high. Main vertical axis shows the loadings on the
common risk factors, while the sub-vertical axis indicates the calculated equal
weighted monthly return in percentage.
It is clear that monthly return decreases from low investment to high
investment groups. Aligning with this trend, factor loading on AGR also decreases
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versa. However, loadings on SMB and HML do not show the same trend with
return variations. Therefore, the return difference across investment-deciles
portfolios cannot be explained by either SMB or HML, but can be explained
mainly by the investment-based risk factor, AGR.
4.3. Risk Premium of AGR Factor
So far, the AGR factor has performed well in explaining the return
dispersions among different portfolios. This section is to test whether the AGR
factor is properly priced.
Table 2.11 reports the estimates of each factor present in Model 1 to Model
6. In each model that includes AGR, risk premiums of AGR are positive and
statistically significant, implying that the proposed investment-based factor is
properly priced and has strong asset pricing power. Specifically, compared with
Model 1, Model 3 adds AGR to the benchmark CAPM and absorbs most of the
explanatory power of MKT. When CAPM retains a significant non-zero α 
(intercept), Model 3 has minimized the unexplained return and the estimated
premium on AGR is 1.319% per month and is significant at a 1% level. What’s
more, Model 3 explains 26.9% of the cross-sectional variations in returns, higher
than the figure of Model 6. From this perspective, AGR has outperformed HML.
In the new three-factor model, AGR in Model 4 has a positive and
statistically significant average monthly risk premium at 5% level, together with
SMB, explaining 39.1% of the cross-sectional variations in returns on the 25
portfolios. When taking all four factors (MKT, SMB, HML, AGR) into account, in
Model 5, it is obvious that AGR still preserves a relatively large risk premium,
together with SMB, constituting a larger percentage of asset-pricing power. Both
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MKT and HML are shown insignificant risk premia. However, considering the
significant asset pricing power of MKT when adopted alone (Model 1), market
factor still retain an important role in asset pricing model. As for HML in Model 2,
Model 5 and Model 6, neither of them is statistically significant. As has been
pointed out in previous studies (Xing, 2008; Fama and French, 2015), the average
HML return is captured by exposures of HML to other factors. Nevertheless, the R-
squared is improved by including all four factors in the model, implying a better
performance has been achieved by adding the AGR factor. According to the
Akaike information criterion (AIC), residuals of each model have been tested and
the result reveals that Model 5, a four-factor model including the AGR factor, is the
best model in terms of goodness of fit.
Table 2.11. Fama-MacBeth Cross-Sectional Pricing Results
Model MKT SMB HML AGR Alpha Adj. R2 AIC
Model 1 7.036*** -6.228*** 0.066 49.771
(2.89) (-2.66)
Model 2 -0.107 1.015*** -0.021 0.601 0.416 36.657
(-0.07) (3.40) (-0.07) (0.45)
Model 3 2.193 1.319*** -1.667 0.269 42.932
(0.99) (3.76) (-0.77)
Model 4 0.853 1.027*** 0.787** -0.377 0.391 38.061
(0.37) (3.45) (2.56) (-0.17)
Model 5 0.550 1.027*** 0.017 0.766** -0.069 0.477 34.121
(0.36) (3.44) (0.06) (2.29) (-0.05)
Model 6 8.252*** -0.211 -7.553*** 0.246 44.534
(3.22) (-0.64) (-3.07)
Note: * p<0.10, ** p< 0.05, *** p<0.01. This table reports risk premiums and
corresponding t-statistics (shown in parenthesis) for each factor appeared in the
models based on Fama-MacBeth regressions. T-statistics are calculated based on
Newey-West (1987). Alpha is the intercept of each model. AIC is the Akaike
Criterion.
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Analysis in this section confirms the third hypothesis (H3) that Investment
Anomaly can be captured by an investment-based common risk factor in the
Chinese Stock Market.
4.4. The Asymmetric Risk Premium
To further investigate the risk premium of new common factors, a two-state
Markov Regime-Switching model (hereinafter referred to as MRS(2) model) is
estimated in this section. Based on the empirical model as developed in section
4.1.3, risk premiums of common risk factors (MKT, SMB, HML and AGR) and the
excess return of Shanghai Composite Index (COM) are jointly allowed to vary
across the ‘bull’ and ‘bear’ states of the Chinese stock market. Sample period is
from July, 1995 to March, 2015. Applying the Perlin (2014) MATLAB Package,
estimates of parameters in Table 2.12, Figure 2.5, Figure 2.6 and Figure 2.7 implies
that state 1 and state 2 are bear market and bull market, respectively.
Figure 2.5. Return Series of Common Risk Factors and Shanghai Composite Index
Note: This figure reports the risk premium on MKT, SMB, HML, and AGR factors.
Monthly return of Shanghai Composite Index (referred to as COM) is also reported
















Figure 2.5 plots the ex ante risk premium on each factor and the monthly
return of Shanghai Composite Index (COM). It is obvious that the trend of the risk
premium on market factor (MKT) follows that of market index (COM). The risk
premiums on SMB, HML and AGR are relatively less volatile and their
magnitudes changes as market state switches.
Figure 2.6 reports the conditional standard deviation of each parameter in
the MRS(2) model. All parameters are more volatile in stage 2, implying investors
are encountering higher risks but with higher average returns. In such hot market,
when investors are eager for risks, risk premium will decline as the hypothesis 4
predicts. Figure 2.7 provides a clear sketch that how two regimes switch along with
real economic cycles.
Figure 2.6. Conditional Std. of Each Parameter in MRS(2) Model
Note: Under the two-state Markov Regime-Switching model, conditional standard
deviations of each parameter are reported in this figure. The observation period is



















Figure 2.7. Smoothed State Probabilities of the MRS(2) Model
Note: The figure shows the smoothed probability of being either bear market (solid
line) or bull market (dashed line). The observation period is from July 1995 to
March 2015.
Figure 2.7 reports the smoothed probabilities of each state. At each time
point, sum of two probabilities is always equal to 1. Generally, bear market (state
1) has occupied most of time in the sample period. At the beginning of the market,
bear and bull regimes are frequently switched. Then around 2000, because of the
international Dot-Com Bubble and the domestic Split-share problem, the Chinese
stock market came to a very long bear regime from 2001 to 2006. After the “Split-
share reform” is successfully completed in 2006, the market steps into a bull-state.
But the Subprime Crisis soon affects the Chinese stock market around 2009 and
drags the market into another round of bear market.
Table 2.12 lists the estimates of each parameter in the MRS(2) model. It is
shown that either the market premium (MKT) or the Shanghai Composite Index
(COM) has lower average return in regime 1, indicating the market is under a
downturn during that period. The transition matrix reveals that the probability of
switching from bear to bull market is 0.04, much less than the probability that the





















downturn, the probability of keeping the current state is as high as 0.96. Hence, it is
natural to see that the expected duration of staying at bear market in China is 25.67
months, while bull market lasts much less, which is 5.85 months.
Table 2.12. Parameter Estimates of the MRS(2) Model
Regime St = 1 (Bear) St = 2 (Bull)
Transition matrix Π St = 1 (Bear) 0.96 (0.00) 0.17 (NaN)
St = 2 (Bull) 0.04 (NaN) 0.83 (0.00)
Expected Duration 25.67 5.85
MKT μm 0.002(0.77) 0.018(0.32)
σm 0.075(0.99) 0.112(0.00)
SMB μs 0.009(0.01) 0.002(0.89)
σs 0.034(0.00) 0.059(0.00)
HML μh 0.001(0.79) -0.000(0.98)
σh 0.027(0.00) 0.054(0.00)
AGR μa 0.002(0.28) -0.001(0.93)
σa 0.020(0.00) 0.040(0.00)
COM μc 0.004(0.64) 0.014(0.34)
σc 0.073(0.99) 0.103(0.00)
Note: This table reports the estimates of parameters in the two-state Markov
Regime-Switching model developed in section (4.1.3). The p-values are reported in
the parentheses next to the corresponding mean. Π is the state transition matrix, 
which reports the probability of switching from one state to the other. The sample
period is from July 1995 to March 2015 on a monthly basis.
As for average risk premiums on SMB, HML and AGR across bull/bear
regimes, estimated conditional means for all of the risk premiums are larger under
bear market but smaller under bull market. The result is exactly what the
hypothesis 4 has predicted. Under the bear-regime, stocks with smaller size, higher
B/M, or lower AG, face more common risks and have lower price, thus providing
higher expected returns. And vise versa, stocks with larger size, lower B/M, or
higher AG, have higher price and provide less expected returns. Therefore, the
return dispersions between Small and Big size (SMB), High and Low B/M (HML),
and Low and High AG (AGR), are expanded during market downturn, and thus the
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risk premiums on those common risk factors are higher during bear market but
lower under a hot/bull market.
5. Discussion
This chapter investigated the negative relationship between firm investment
and its future stock return in the Chinese stock market. Evidence from both stock-
level and portfolio-level analysis shows that firms with a lower investment level
tend to have higher equity returns in the next one to three years. Firms with higher
investment level tend to have lower future equity returns. Even controlling for size
or B/M, the negative relation between investment and expected returns is still
persistent among small-size firms. In addition, the realized returns of a portfolio are
positively related with investment activities, and negatively related with expected
returns, confirming the hypothesis that risk variations are aligning with investment
activities.
Further evidence implies that the return dispersion caused by investment
difference can be explained by the common risk factors. This chapter proposes an
investment-based factor, AGR. Results indicate that the new investment-based
factor performs at least as well as SMB and better than HML. Evidence shows that
AGR has a positive and statistically significant risk premium and has considerable
explanatory power on variation in cross-sectional returns. The results clearly imply
that growth companies (typically those with small size) have more exposure to the
common risk factor of investment (AGR) and thus have larger returns. In addition,
firms with more distress risks (those with high B/M) also endure more exposure to
the AGR factor and thus have larger returns. From this perspective, the AGR factor
can partially dissect the size anomaly and the value anomaly. Accordingly, firms
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with lower investment levels load more on the AGR factor and thus have larger
expected returns. Firms with higher investment levels load less on the AGR factor
and thus have smaller expected returns. Empirical results bridge the gap between
risk variation and the return changes through AGR factor.
Moreover, the two-state Markov Regime-Switching model estimates
asymmetric risk premiums for each common factor under Chinese Bear and Bull
regimes, respectively. The results confirm the prediction that risk premium has
time-series variations along with business cycle. To be specific, risk factors,
including AGR, have higher risk premium during bad times but lower risk
premium during good times. Therefore, this chapter provides strong evidence





The Cross-Section of Overnight and Intraday Abnormal Returns in J-REIT Market
In this chapter, we move the playfield from China to Japanese RETI market
and take it as a unique sample of investment anomaly investigation. We find an
asymmetric return pattern of overnight and intraday abnormal returns in the
Japanese Real Estate Investment Trust (J-REIT) market. Investor heterogeneity and
information surprise are taken into consideration to interpret the anomaly.
1. Introduction
As different subgroups of stocks may have distinguishable information that
is available to investors, it is much more feasible to regard market efficiency as a
matter of degree. A Real Estate Investment Trust (REIT) market is usually
considered as an inefficient market because the return pattern of REITs is more or
less similar to that of small-cap stocks. With the consideration that REIT stock
price may not follow a random pattern but can be predictable, one can develop a
trading strategy and earn excess abnormal returns. Many researchers provide
evidence of the REIT-return predictability. Liu and Mei (1992) conclude that
returns on REITs are more predictable than those on other common stocks.
Furthermore, they find evidence that the January effect, the treasury-bill (T-bill)
rate, and the capitalization rate on real estate can be used to predict REIT returns.
Liao and Mei (1998) also find that returns on REIT stocks are more predictable
than those on small stocks, and that market timing is useful in earning excess
returns. Some researches provide possible trading strategies to earn excess
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abnormal returns. Mei and Liu (1994) find that buying REITs when excess returns
for real estate market are expected to rise and selling REITs when excess returns
for real estate market are expected to fall will generate higher excess return,
compared with a buy-and-hold strategy. Based on the model of Wang (1994),
Cooper, Downs, and Patterson (1999, 2000) construct a REIT investment strategy
using filter rules, and show that this strategy yields significant abnormal returns.
They find that abnormal returns are not only significant for weekly trading periods
but also for longer investment periods up to one year.
However, although the short-term abnormal returns in REITs have been
investigated on a weekly basis, no study has explored the REIT return
predictability from a daily basis. Meanwhile, the reversal of intraday and overnight
abnormal returns is found to be significant in the common stock market. Branch
and Ma (2012) use a large sample that spans from January 1, 1994 to December 31,
2010 and find a negative autocorrelation between adjacent overnight and intraday
returns in the US market. The result is independent of the sampling method and
robust to different methodologies. Similarly, Berkman, Koch, Tuttle, and Zhang
(2012) also find a strong tendency for positive returns during the overnight period
followed by reversals during the trading day. They further conclude that such
behavior is driven by a relatively higher opening price on a particular trading day,
and such phenomenon is more pronounced for stocks that attracted more attention
from retail investors. Based on the different return patterns in daytime and
overnight, Lou, Polk, and Skouras (2015) examine whether the momentum strategy
and size strategy work in the daytime or the nighttime. They conclude that
abnormal returns on the momentum strategy occur overnight, while those on the
other strategies primarily occur intraday. The reason for momentum profits to
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occur overnight is that institutional investors trade against the momentum
characteristic during the daytime. Inconsistent with the weak form of the efficient
market hypothesis, the intraday and overnight return reversals create a potential
market mispricing opportunity. However, a review of the previous literatures on
REIT stock market indicates that the intraday and overnight abnormal return
patterns have not been investigated yet. Therefore, this study is the first to
investigate how cross-sectional anomalies vary in time-series.
Meanwhile, although numerous studies (Tang and Mori, 2017; Li and Chau,
2016; Ong et al., 2011) discuss the agency problem, long-term cycles and the
acquisition problem in J-REIT market, none of them has focused on the temporal
anomaly in the J-REIT market. Moreover, there is no consensus on the reasons that
cause the intraday-overnight anomaly. Thus, we attempt to fill these gaps by
utilizing the distinct features of the Japanese REIT market. On the one hand, J-
REIT is highly influenced by the Bank of Japan (BOJ) (Ito, 2016), making it a
natural setting to study the information surprise brought by macroeconomic news.
Besides, J-REIT has experienced a manifest change in investor ownership since
2006, thus becoming a playfield to examine the relationship between investor
heterogeneity and REIT abnormal returns. Therefore, we not only investigate the
cross-sectional abnormal returns from an overnight-intraday basis, but also
interpret that how investors ownership and macroeconomic news affect J-REIT
price changes, thus leading new insights into the predictability of the Japanese
REIT stock market.
The remainder of this chapter is organized as follows. Section 2 introduces
the sample data and key variables. Section 3 constructs strategies based on cross-
sectional characteristics of investment level and market capitalization to capture the
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overnight and intraday abnormal returns. Section 4 conducts a subsample test and
an event study to explore the role of investor heterogeneity and information
surprise in interpreting the overnight and intraday abnormal return patterns. Section
5 summarizes and concludes the study.
2. Data and Methodology
2.1. Data
All REITs listed in the Tokyo Stock Exchange are investigated in this study.
Semi-annual financial data, and daily open price and close price records of each J-
REIT are collected from Sep.10, 2001 to May.20, 2016, provided by Japan REIT
database. In total, there are 96861 firm-daily observations. Following the
conventions for anomaly studies (Fama & French, 2006), daily price data from
April 1st of year t to March 31st of year t+1 is matched with financial accounting
data in the end of year t-1. Capital and Asset Pricing Model (CAPM), Fama and
French Three-Factor Model and Five-Factor Model are adopted to calculate the
risk-adjusted returns. The data of daily three factors and five factors specific for the
Japanese stock market are obtained from K. French’s online data library.
Besides, ownership ratios of each REIT are calculated based on the data
from the J-REITs’ Investor Relation (IR) materials. Also, we retrieve the dates and
contents of market-related monetary policy announcements through the online
Monetary Policy Meetings of Bank of Japan.
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2.2. Decomposed Returns
To investigate the asymmetric return patterns in J-REIT, daily return of
each REIT is decomposed into overnight return and intraday return using daily
opening and closing prices. The total daily return of each REIT is the close-to-close
price change, defined as the logarithmic change in successive daily closing prices.
The overnight return is the close-to-open price change, which is the logarithmic
difference in a particular day’s opening price and previous day’s closing price.
Similarly, the intraday return is the open-to-close price change, calculated by the
logarithmic difference in a particular day’s opening price and closing price.
்ܴ௢௧௔௟,௧௜ = ln൫ܲ ௖௟௢௦௘,௧௜ ∕ ௖ܲ௟௢௦௘,௧ି ଵ௜ ൯ (3-1)
ܴை௩௘௥௡௜௚௛௧,௧௜ = ln൫ܲ ௢௣௘௡,௧௜ ∕ ௖ܲ௟௢௦௘,௧ି ଵ௜ ൯ (3-2)
ܴூ௡௧௥௔ௗ௔௬,௧௜ = ln൫ܲ ௖௟௢௦௘,௧௜ ∕ ௢ܲ௣௘௡,௧௜ ൯ (3-3)
2.3. Abnormal Returns
This chapter focuses on the cross-sectional abnormal returns that are related
with characteristics. So two typical and classic characteristic-based return patterns,
size effect (Chan, Chen, & Hsieh, 1985; Fama & French, 1992) and investment
effect (Prombutra, Phengpisa, & Zhang, 2012; Watanabe, Xu, Yao, & Yu, 2013),
are put the center of this study.
Specifically, size effect reveals a return pattern that firms with smaller size
(market capitalization) tend to have higher expected returns while big-size firms
tend to have lower expected returns. Investment effect refers to a pattern that low-
investment firms tend to have higher expected returns while high-investment firms
tend to have lower expected returns. Following the conventions in previous study
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(Cooper, Gulen, & Schill, 2008; Gray & Johnson, 2011), firms’ investment level is
measured by the Asset Growth (AG).
ܣܩ௧ି ଵ = ܶܣ௧ି ଵ− ܶܣ௧ି ଶܶܣ௧ି ଶ (3-4)
where TAt refers to the total asset of each firm at time t.
2.4. Risk-Adjusted Returns
In this chapter, both raw returns as well as risk-adjusted returns are
provided to measure the magnitude of abnormal return patterns during either night
or daytime. It is natural to adjust a raw return of a listing stock under the Capital
Asset Pricing Model (CAPM), for the market portfolio return should explain part
of the asset’s excess return. As for the Fama-French Three-Factor Model (FF3
model) and its advanced version Five-Factor Model (FF5 model), although Fama
and French (1997) use the CAPM and FF3 model to test the risk-adjusted returns
for different industries, including the real estate industry, the equity REITs are in
finance industry that has been excluded from the sample and thus not fully studied.
However, since the common practice of excluding finance industry does not deny
the necessity of estimation of risk-adjusted equity REITs returns, common risk
factors that are from the classical asset-pricing models are usually applied on
studies of REITs’ return predictability and risk-adjusted returns. Cheng and Roulac
(2007) use a Fama-French Three-Factor model to adjust the cross-sectional
abnormal returns in US REITs. Derwall et al. (2009) also test the momentum effect
of REIT portfolios under the conventional factor models, including the Fama and
French Three-Factor Model and Carhart Four-Factor Model. They also propose a
REIT momentum factor, REITWML, to explain the momentum effect in RIETs.
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Therefore, in this section, the Capital Asset Pricing Model (CAPM), Fama-
French Three-Factor Model and Fama-French Five-Factor Model (see eq. (3-5), eq.
(3-6) and eq. (3-7)) are adopted to capture abnormal returns after controlling the
common risk factors.
ܴ௜− ௙ܴ = ߙ௜+ ߚ௜∙ ܯܭ ௜ܶ (3-5)
ܴ௜,௧− ௙ܴ,௧ = ߙ௜+ ߚ௜∙ ܯܭ ௜ܶ+ ݏ௜∙ ܵܯ ܤ௧+ ℎ௜∙ ܪܯܮ௧ (3-6)
ܴ௜,௧− ௙ܴ,௧ = ߙ௜+ ߚ௜∙ ܯܭ ௜ܶ+ ݏ௜∙ ܵܯ ܤ௧+ ℎ௜∙ ܪܯܮ௧+ ݓ௜∙ ܴܯܹ ௧+ ௜ܿ
∙ ܥܯܣ௧
(3-7)
The daily common risk factors shown in eq.(3-5) to eq.(3-7) are constructed
based on the conventions of Fama and French (1993, 2016). MKT is the excess
return of market portfolio. SMB (Small Minus Big) is the size factor. HML (High
Minus Low) is the B/M factor. RMW (Robust Minus Weak) is the profitability
factor. CMA (Conservative Minus Aggressive) is the investment factor. So the
models above will adjust the portfolio raw returns by incorporating common risks
premiums from Size, B/M, Profitability and Investment.
2.5. Methodology
The method of univariate sorts is applied in this analytical research.
Consistent with many of the prior studies that examine the association between
stock characteristics and returns, such as Jegadeesh and Titman (1993) and Pastor
and Stambaugh (2003), portfolios are formed based on firm characteristics and held
for one year. Return patterns across all the portfolios will reveal whether abnormal
returns exist in the J-REIT market. The process is shown in Figure 3.1.
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Figure 3.1. Sorting Methodology
Note: This figure describes the methodology of univariate sorting. Every year in
the end of March, all J-REITs are sorted and allocated into three portfolios based
on the last year sorting variable: either AG or Size. The portfolios are held for one
year and rebalanced the next year.
3. Overnight and Intraday Abnormal Returns
3.1. Strategies that Condition on Investment Level
We first investigate the decomposed daily returns for investment-related
portfolios. In the end of March every year, all REITs are ranked and allocated into
three portfolio based on their last year Asset Growth rate (AG). The three
portfolios, Low, Medium and High are rebalanced every year. A spread portfolio of
“Low minus High” (LMH) is also formed to capture the abnormal return dispersion
that is related with characteristic of investment level (AG). Their average excess
returns and risk-adjusted returns are estimated and reported in Table 1. T-statistics
are estimated using Newey-West (1987) standard errors with 3 lags and listed in
the parenthesis.
Holding period Holding period
March 31, year t March 31, year t+1 March 31, year t+2
Portfolio Formation Rebalance
Sorting variable: AG or Size
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Table 3.1. Overnight and Intraday Returns for Investment-Sorted Portfolios
Panel A: Daily Abnormal Return
AG Rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0003 0.0118 0.0084 0.0099
(1.20) (0.52) (0.37) (0.44)
2 0.0002 0.0025 0.0022 0.0036
(0.84) (0.11) (0.09) (0.15)
High 3 0.0001 -0.0099 -0.0119 -0.0098
(0.26) (-0.36) (-0.44) (-0.37)
Low-High 0.0002 0.0171 0.0157 0.0150
(1.31) (1.01) (0.95) (0.91)
Panel B: Overnight Abnormal Return
AG Rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 -0.0009 -0.0999 -0.1009 -0.1008
(-5.00) (-6.16) (-6.13) (-6.08)
2 -0.0006 -0.0755 -0.0753 -0.0750
(-3.53) (-4.71) (-4.59) (-4.55)
High 3 -0.0006 -0.0699 -0.0702 -0.0695
(-2.64) (-3.45) (-3.46) (-3.42)
Low-High -0.0003** -0.0345** -0.0353** -0.0358**
(-2.06) (-2.43) (-2.51) (-2.56)
Panel C: Intraday Abnormal Return
AG Rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0012 0.1071 0.1047 0.1061
(5.83) (5.47) (5.39) (5.47)
2 0.0008 0.0734 0.0728 0.0741
(3.96) (3.60) (3.59) (3.64)
High 3 0.0006 0.0555 0.0537 0.0552
(3.22) (2.86) (2.81) (2.91)
Low-High 0.0005*** 0.0471*** 0.0464*** 0.0463***
(3.76) (3.37) (3.35) (3.34)
Note: ** p<0.05, *** p< 0.01. “Excess Return” is the average raw returns.
“CAPM Alpha” is the risk-adjusted portfolio return estimated by CAPM. “FF3
Alpha” is the risk-adjusted portfolio return estimated by Fama and French Three-
Factor Model. “FF5 Alpha” is the risk-adjusted portfolio return estimated by
Fama and French Five-Factor Model. T-statistics are estimated using Newey-West
(1987) standard errors with 3 lags and reported in parenthesis.
Panel A of Table 3.1 reports the total daily returns for each group. The
average returns for each group are not significant. Also, there is no significant
difference between low-investment group and high-investment group. Therefore,
under the total daily return level, there is no investment effect in the Japanese REIT
market.
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However, if considering the overnight return, as shown in Panel B of Table
3.1, we find either raw excess returns or risk-adjusted returns of low-investment
group are significantly smaller than those of high-investment group, revealing that
the spread portfolio of “Low minus High” retains significant negative average
returns.
Specifically, the raw excess return dispersion between low and high
investment portfolios is -0.03% with t-statistics of -2.06. The CAPM adjusted
return dispersion is -3.45% (t-statistic of -2.43), while the Fama-French Three-
Factor adjusted and Five-Factor adjusted return dispersions are -3.53% and -3.58%,
respectively. Contrary to the definition of investment effect, which states that low-
investment firms have higher expected returns while high-investment firms have
lower expected returns, our investigation on overnight return reveals that a
significant reversed investment effect exists in the J-REIT market.
When observing the intraday return, results in Panel C of Table 3.1 show a
completely reversed return pattern for the J-REIT market. It is found that either raw
excess returns or risk-adjusted returns of low-investment group are larger than
those of high-investment group. So a significant positive average return for the
spread portfolio of “Low minus High” can be observed. The positive investment-
related abnormal returns are all significant at 99% confidence level, indicating a
significant investment effect in the daytime J-REIT market.
Figure 3.2 to Figure 3.4 plots the average total and decomposed daily
returns for three investment-related portfolios and the spread portfolio (LMH)
throughout the sample period. As shown in Figure 3.2, there is no sustained return
pattern for each group. However, in Figure 3.3, the overnight returns are mostly
negative and the low-AG group has the smallest average returns. The triangle
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shadow area shows the average returns for the spread portfolio (LMH), indicating
that overnight investment-related abnormal returns are mostly negative. Contrarily,
as shown in Figure 3.4, the average intraday returns are positive and the low-AG
group has the largest average returns. The triangle shadow area reveals that average
returns for the spread portfolio are mostly positive in daytime.
Figure 3.2. Average Investment-Related Daily Returns throughout Sample Period
Note: This figure reports the yearly average raw returns for each investment-
related portfolios and the spread portfolio of “Low minus High” (LMH) based on
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Figure 3.3. Average Investment-Related Overnight Returns throughout Sample
Period
Note: This figure reports the yearly average raw returns for each investment-
related portfolios and the spread portfolio of “Low minus High” (LMH) based on
the decomposed overnight return (CTO).
Figure 3.4. Average Investment-Related Intraday Returns throughout Sample
Period
Note. This figure reports the yearly average raw returns for each investment-
related portfolios and the spread portfolio of “Low minus High” (LMH) based on
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To sum up, positive abnormal returns related to investment effect occur
during daytime, followed by reversals that negative abnormal returns related to
investment effect occur overnight. A strategy that buying low-investment REITs
and selling high-investment REITs around opening period, while selling low-
investment REITs and buying high-investment REITs around closing period, will
capture the intraday investment effect and the overnight reversed investment effect
simultaneously and generate an excess return of as much as 0.08% per day.
3.2. Strategies that Condition on Size
After observing the asymmetric intraday and overnight investment-related
abnormal returns, we further study the abnormal returns related to size to clarify
whether this is a specific or a general phenomenon. The same approach is adopted
in this section. In the end of March every year, all REITs are allocated equally into
three groups by their last year-end market capitalization, size. Three portfolios,
Small, Medium and Big are formed and rebalanced every year. Also a spread
portfolio of “Small minus Big” (SMB) is formed to capture the abnormal return
that is related with characteristic of firm size. Table 3.2 reports the average total
daily return and the decomposed daily return for each portfolio.
Panel A of Table 3.2 reports the total daily return. We find no significant
return patterns for different size-based portfolios. However, as Panel B reveals,
small-size group has generally smaller average excess return and risk-adjusted
returns than the big-size group. So the spread portfolio of SMB has as large as -
0.05% of abnormal excess return, -5.29% of abnormal CAPM alpha, -5.53% of
abnormal Fama-French three-factor alpha, and -5.65% of Fama-French five-factor
alpha. All of the figures are significant at 99% confidence level.
68
Table 3.2. Overnight and Intraday Returns for Size-Sorted Portfolios
Panel A: Daily Abnormal Return
Size Rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 0.0002 0.0028 -0.0015 0.0000
(0.66) (0.11) (-0.06) (0.00)
2 0.0002 0.0082 0.0052 0.0066
(0.95) (0.36) (0.23) (0.29)
Big 3 0.0002 0.0034 0.0038 0.0067
(0.81) (0.15) (0.17) (0.31)
Small-Big -0.0000 -0.0054 -0.0101 -0.0115
(-0.15) (-0.29) (-0.55) (-0.63)
Panel B: Overnight Abnormal Return
Size Rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 -0.0008 -0.0925 -0.0946 -0.0950
(-4.83) (-5.72) (-5.77) (-5.73)
2 -0.0007 -0.0816 -0.0819 -0.0815
(-4.02) (-4.98) (-4.91) (-4.83)
Big 3 -0.0003 -0.0443 -0.0441 -0.0433
(-1.90) (-2.86) (-2.78) (-2.70)
Small-Big -0.0005*** -0.0529*** -0.0553*** -0.0565***
(-3.81) (-3.98) (-4.15) (-4.23)
Panel C: Intraday Abnormal Return
Size Rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 0.0010 0.0904 0.0883 0.0902
(5.38) (5.06) (5.02) (5.16)
2 0.0009 0.0850 0.0823 0.0833
(4.69) (4.36) (4.26) (4.31)
Big 3 0.0005 0.0429 0.0431 0.0452
(2.57) (2.21) (2.22) (2.32)
Small-Big 0.0005*** 0.0427*** 0.0404** 0.0402**
(2.95) (2.65) (2.51) (2.48)
Note: ** p<0.05, *** p< 0.01. “Excess Return” is the average raw returns.
“CAPM Alpha” is the risk-adjusted portfolio return estimated by CAPM. “FF3
Alpha” is the risk-adjusted portfolio return estimated by Fama and French Three-
Factor Model. “FF5 Alpha” is the risk-adjusted portfolio return estimated by
Fama and French Five-Factor Model. T-statistics are estimated using Newey-West
(1987) standard errors with 3 lags and reported in parenthesis.
Panel C of Table 3.2 reports the average intraday returns for each group.
Contrary to the results in Panel B, results in Panel C shows that small-size group
has generally larger average excess return and risk-adjusted returns than big-size
group. The spread portfolio of SMB retains a significant positive return. The return
pattern in Panel C implies a typical size effect while the return pattern in Panel B
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reveals a reversed size effect. Thus, we find significant asymmetric return patterns
for size-related abnormal returns in daytime and nighttime.
Figure 3.5 to Figure 3.7 sketches the yearly average returns for each size-
related portfolios based on the close-to-close total daily return, the close-to-open
overnight return, and the open-to-close intraday return. Same as the results in Table
3.2, Figure 3.5 to Figure 3.7 reveal that size effect occurs during daytime but the
reversed size effect offsets the abnormal returns and leads to an insignificant total
daily return pattern. The abnormal excess return earned by the strategy of buying
small REITs and selling big REITs around the opening period while selling small
REITs and buying big REITs around the closing period will be as much as 0.1%.
Figure 3.5. Average Size-Related Daily Returns throughout Sample Period
Note: This figure reports the yearly average raw returns for each size-related
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Figure 3.6. Average Size-Related Overnight Returns throughout Sample Period
Note: This figure reports the yearly average raw returns for each size-related
portfolios and the spread portfolio of “Small minus Big” (SMB) based on the
decomposed overnight return (CTO).
Figure 3.7. Average Size-Related Intraday Returns throughout Sample Period
Note: This figure reports the yearly average raw returns for each size-related
portfolios and the spread portfolio of “Small minus Big” (SMB) based on the
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4. The Role of Investor Ownership and BOJ’s Announcements
Goebel et al. (2013) investigate the relationship between REIT return
patterns and several underlying characteristics, finding that book-to-market value,
institutional ownership, and illiquidity are strongly associated with REIT returns
while size and analyst coverage are not in the US market. Moreover, the interest
rate cycles have magnitude influence on the REIT returns and the cross-sectional
return patterns are also heavily influenced by interest rate. Here in this section, the
role of investor ownership and announcements from Bank of Japan will be
investigated to explain the cross-sectional abnormal return patterns in the Japanese
REIT market.
4.1. Investor Heterogeneity
One sharp distinction between daytime and nighttime is that different
investors have been active during different times. As individual investors are more
or less active during nighttime to collect information/news or make decisions on
stock selection, institutional investors have more frequent trades during daytime
(Griffen, Harris, & Topaloglu, 2003; Dasgupta, Prat, & Verardo, 2011). Sias and
Nofsinger (1999) document a strong correlation between change in investor
ownership and stock return. Also, Berkman, Koch, Tuttle, and Zhang (2012) argue
that the positive returns during the overnight period are more concentrated among
the stocks that attracted more retail investors who drive up the opening price.
Moreover, because of investor heterogeneity in beliefs, investors may have
different positions in the market (Wang & Liu, 2014). The foreign investor in the J-
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REIT market is a typical one that arbitrages the domestic investors. Therefore, the
investor heterogeneity may help explain the asymmetric return patterns.
4.1.1. Sub-Period Study
In Table 3.3 to Table 3.6, we conduct the sub-period study. The original
sample is divided into pre-2006 period and post-2006 period based on the time spot
of December 31st 2005. There are two reasons for the chosen time spot. First, the
number of J-REITs had been very small before 2006. But after that, more qualified
REITs are listed in the Japanese stock market. Second, the investor composition
had a tremendous change in 2006.
Figure 3.8. Average Investor Ownership Ratio throughout Sample Period
Note: This figure reports the average investor ownership ratio for all REITs every
year. There are four types of investors listed in the graph. “Finins” denotes the
Domestic Financial Institution. “Domcorp” denotes the Domestic Corporation.
“Indi” refers to as Domestic Individual Investor, while “Forinv” means Foreign
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Table 3.3. Overnight and Intraday Abnormal Returns for Investment-Sorted
Portfolios before 2006
Panel A: Daily Abnormal Return
AG rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0008 0.0719 0.0528 0.0471
(2.65) (2.25) (1.62) (1.48)
2 0.0006 0.0426 0.0338 0.0311
(1.63) (1.17) (0.93) (0.86)
High 3 0.0006 0.0505 0.0347 0.0315
(2.18) (1.81) (1.18) (1.09)
Low-High 0.0002 0.0163 0.0129 0.0104
(1.03) (0.73) (0.59) (0.46)
Panel B: Overnight Abnormal Return
AG rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 -0.0008 -0.0928 -0.1012 -0.1052
(-3.34) (-3.94) (-4.11) (-4.38)
2 -0.0011 -0.1173 -0.1187 -0.1222
(-5.09) (-5.63) (-5.60) (-5.87)
High 3 -0.0006 -0.0690 -0.0742 -0.0771
(-2.64) (-3.14) (-3.18) (-3.36)
Low-High -0.0002 -0.0289 -0.0322 -0.0333
(-1.04) (-1.41) (-1.52) (-1.55)
Panel C: Intraday Abnormal Return
AG rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0017 0.1596 0.1489 0.1470
(6.04) (5.83) (5.47) (5.43)
2 0.0017 0.1548 0.1474 0.1481
(5.88) (5.38) (5.01) (5.00)
High 3 0.0012 0.1144 0.1037 0.1034
(5.04) (4.70) (4.21) (4.15)
Low-High 0.0004* 0.0401* 0.0400* 0.0384
(1.84) (1.69) (1.70) (1.62)
Note: * p<0.10. “Excess Return” is the average monthly raw returns. “CAPM
Alpha” is the risk-adjusted portfolio return estimated by CAPM. “FF3 Alpha” is
the risk-adjusted portfolio return estimated by Fama and French Three-Factor
Model. “FF5 Alpha” is the risk-adjusted portfolio return estimated by Fama and
French Five-Factor Model. T-statistics are estimated using Newey-West (1987)
standard errors with 3 lags and reported in parenthesis.
As shown in Figure 3.8, there are four types of investors in the J-REIT
market, which are domestic financial institution, domestic corporation investor,
domestic individual investor, and the foreign investors, constituting 100% of
investor ownerships. Though Financial Institution has maintained a relatively
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higher proportion in REITs’ investor composition, it countered a decline in the end
of 2005, while foreign investor’s holding percentage has increased a lot since 2006.
So the investor ownership for each REIT had a structural change in 2006.
Table 3.4. Overnight and Intraday Abnormal Returns for Investment-Sorted
Portfolios after 2006
Panel A: Daily Abnormal Return
AG rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0002 0.0063 0.0058 0.0068
(0.51) (0.24) (0.22) (0.26)
2 0.0001 0.0026 0.0034 0.0047
(0.39) (0.09) (0.13) (0.17)
High 3 -0.0001 -0.0157 -0.0152 -0.0130
(-0.17) (-0.48) (-0.47) (-0.40)
Low-High 0.0002 0.0176 0.0166 0.0154
(1.07) (0.84) (0.80) (0.75)
Panel B: Overnight Abnormal Return
AG rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 -0.0009 -0.0952 -0.0953 -0.0961
(-4.20) (-5.08) (-5.06) (-5.00)
2 -0.0005 -0.0560 -0.0556 -0.0562
(-2.28) (-3.06) (-3.02) (-2.98)
High 3 -0.0006 -0.0630 -0.0624 -0.0622
(-2.10) (-2.62) (-2.60) (-2.56)
Low-High -0.0003* -0.0366** -0.0373** -0.0383**
(-1.84) (-2.10) (-2.15) (-2.23)
Panel C: Intraday Abnormal Return
AG rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0010 0.0971 0.0966 0.0985
(4.28) (4.15) (4.17) (4.24)
2 0.0006 0.0542 0.0545 0.0565
(2.39) (2.22) (2.24) (2.31)
High 3 0.0005 0.0428 0.0427 0.0448
(2.00) (1.83) (1.84) (1.94)
Low-High 0.0005*** 0.0498*** 0.0494*** 0.0493***
(3.32) (3.02) (3.01) (3.01)
Note: * p<0.10, ** p<0.05, *** p< 0.01. “Excess Return” is the average monthly
raw returns. “CAPM Alpha” is the risk-adjusted portfolio return estimated by
CAPM. “FF3 Alpha” is the risk-adjusted portfolio return estimated by Fama and
French Three-Factor Model. “FF5 Alpha” is the risk-adjusted portfolio return
estimated by Fama and French Five-Factor Model. T-statistics are estimated using
Newey-West (1987) standard errors with 3 lags and reported in parenthesis.
75
Table 3.3 first reports the investment-related abnormal returns before 2006.
We find no significant abnormal returns during nighttime. But when adopting the
intraday return, it is found a weak but significant positive investment-related
abnormal return. However, after 2006, it is shown in Table 3.4 that during
nighttime, the J-REIT market has a reversed investment effect, while in daytime
the J-REIT market presents a significant positive investment effect.
When observing the size-related abnormal return. As shown in Table 3.5
and Table 3.6, we have similar findings. During the period before 2006, there is no
significant size-related abnormal return during daytime but a weak reversed
abnormal return in night. However, Table 3.6 reveals that after 2006 the J-REIT
market has a very significant reversed size effect during nighttime, and follows a
significant positive size effect during the daytime. Therefore, the asymmetric
abnormal returns in daytime and nighttime are significant after 2006, a period
when foreign investor increases and domestic institutional investor decreases. The
analysis above preliminary confirms the hypothesis that heterogeneous investors
may have different effects on the return patterns in J-REIT market.
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Table 3.5. Overnight and Intraday Abnormal Returns for Size-Sorted Portfolios
before 2006
Panel A: Daily Abnormal Return
Size rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 0.0005 0.0449 0.0325 0.0326
(2.22) (1.86) (1.35) (1.36)
2 0.0006 0.0515 0.0429 0.0411
(2.42) (1.99) (1.64) (1.58)
Big 3 0.0006 0.0531 0.0387 0.0380
(2.23) (1.88) (1.30) (1.28)
Small-Big -0.0001 -0.0139 -0.0121 -0.0112
(-0.34) (-0.53) (-0.45) (-0.42)
Panel B: Overnight Abnormal Return
Size rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 -0.0005 -0.0613 -0.0644 -0.0651
(-3.33) (-3.73) (-3.89) (-3.90)
2 -0.0010 -0.1051 -0.1064 -0.1077
(-4.84) (-5.33) (-5.21) (-5.25)
Big 3 -0.0002 -0.0240 -0.0303 -0.0309
(-0.80) (-1.25) (-1.50) (-1.53)
Small-Big -0.0004* -0.0431** -0.0399* -0.0400*
(-1.88) (-2.09) (-1.86) (-1.86)
Panel C: Intraday Abnormal Return
Size rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 0.0011 0.1005 0.0910 0.0918
(5.53) (5.16) (4.77) (4.83)
2 0.0016 0.1508 0.1434 0.1430
(7.51) (7.16) (6.68) (6.66)
Big 3 0.0008 0.0713 0.0632 0.0630
(3.31) (2.96) (2.56) (2.55)
Small-Big 0.0003 0.0234 0.0220 0.0230
(1.21) (0.94) (0.88) (0.91)
Note: * p<0.10, ** p<0.05. “Excess Return” is the average monthly raw returns.
“CAPM Alpha” is the risk-adjusted portfolio return estimated by CAPM. “FF3
Alpha” is the risk-adjusted portfolio return estimated by Fama and French Three-
Factor Model. “FF5 Alpha” is the risk-adjusted portfolio return estimated by
Fama and French Five-Factor Model. T-statistics are estimated using Newey-West
(1987) standard errors with 3 lags and reported in parenthesis.
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Table 3.6. Overnight and Intraday Abnormal Returns for Size-Sorted Portfolios
after 2006
Panel A: Daily Abnormal Return
Size rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 0.0000 -0.0052 -0.0058 -0.0050
(0.11) (-0.17) (-0.19) (-0.16)
2 0.0001 0.0001 -0.0002 0.0008
(0.28) (0.00) (-0.01) (0.03)
Big 3 0.0000 -0.0057 -0.0040 -0.0014
(0.13) (-0.20) (-0.14) (-0.05)
Small-Big -0.0000 -0.0040 -0.0063 -0.0080
(-0.02) (-0.16) (-0.26) (-0.34)
Panel B: Overnight Abnormal Return
Size rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 -0.0009 -0.0989 -0.0993 -0.1005
(-4.27) (-5.04) (-5.05) (-5.02)
2 -0.0006 -0.0673 -0.0670 -0.0673
(-2.74) (-3.50) (-3.48) (-3.41)
Big 3 -0.0004 -0.0453 -0.0445 -0.0444
(-1.75) (-2.44) (-2.39) (-2.33)
Small-Big -0.0005*** -0.0580*** -0.0593*** -0.0605***
(-3.47) (-3.67) (-3.77) (-3.84)
Panel C: Intraday Abnormal Return
Size rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Small 1 0.0010 0.0893 0.0891 0.0910
(3.94) (3.84) (3.85) (3.95)
2 0.0007 0.0630 0.0624 0.0637
(2.60) (2.44) (2.43) (2.48)
Big 3 0.0004 0.0352 0.0361 0.0385
(1.55) (1.38) (1.41) (1.51)
Small-Big 0.0005*** 0.0496** 0.0486** 0.0481**
(2.71) (2.48) (2.44) (2.40)
Note: ** p<0.05, *** p< 0.01. “Excess Return” is the average monthly raw
returns. “CAPM Alpha” is the risk-adjusted portfolio return estimated by CAPM.
“FF3 Alpha” is the risk-adjusted portfolio return estimated by Fama and French
Three-Factor Model. “FF5 Alpha” is the risk-adjusted portfolio return estimated
by Fama and French Five-Factor Model. T-statistics are estimated using Newey-
West (1987) standard errors with 3 lags and reported in parenthesis.
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4.1.2. Univariate Sorting
To approach the kernel that has caused the asymmetric patterns in J-REIT
decomposed daily return, we further investigate the relation between investor
ownership and overnight-intraday abnormal return.
Table 3.7 first investigates the role of foreign investor. Based on the
holdings of foreign investor, all REITs are ranked and allocated in the end of
March every year. Three portfolios are equal-weighted formed and held for one
year. The spread portfolio of “Low minus High” (LMH) is formed and to capture
the return dispersions between the low-foreigner holding group and the high-
foreigner holding group. The raw excess returns as well as risk-adjusted returns are
reported in the table with their t-statistics listed in the parenthesis. As shown in
Table 3.7, during the period after 2006, the total daily return is not significant, but
the overnight return has very significant pattern that firms with lower foreign
investor holdings will have higher average returns. On the contrary, during daytime,
firms with lower foreign investor holdings will have lower average returns. We
also conduct the study in full period and pre-2006 period, but there is no significant
result. Because the proportion of foreign investor in the J-REIT market has
dramatically increased since 2006, the findings above confirm the hypothesis that
foreign investors started to affect the J-REIT market only after 2006.
Table 3.7. Post-2006 Abnormal Returns Sorted by Foreign Investor
Panel A: Daily Abnormal Return
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IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0001 -0.0006 -0.0005 0.0006
(0.29) (-0.02) (-0.02) (0.02)
2 0.0000 -0.0086 -0.0086 -0.0069
(0.03) (-0.28) (-0.28) (-0.23)
High 3 0.0001 -0.0000 0.0006 0.0023
(0.26) (-0.00) (0.02) (0.07)
Low-
High -0.0000 -0.0050 -0.0056 -0.0062
(-0.04) (-0.24) (-0.27) (-0.30)
Panel B: Overnight Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 -0.0004 -0.0471 -0.0470 -0.0474
(-2.10) (-2.86) (-2.84) (-2.80)
2 -0.0007 -0.0803 -0.0798 -0.0805
(-3.33) (-4.15) (-4.11) (-4.08)
High 3 -0.0008 -0.0854 -0.0852 -0.0856
(-3.11) (-3.77) (-3.75) (-3.68)
Low-
High 0.0004** 0.0338** 0.0338** 0.0338**
(2.40) (2.15) (2.16) (2.16)
Panel C: Intraday Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0005 0.0421 0.0420 0.0435
(1.97) (1.78) (1.78) (1.85)
2 0.0007 0.0672 0.0668 0.0691
(2.77) (2.64) (2.63) (2.72)
High 3 0.0009 0.0809 0.0814 0.0835
(3.45) (3.33) (3.36) (3.46)
Low-
High -0.0004** -0.0432*** -0.0438*** -0.0444***
(-2.36) (-2.62) (-2.67) (-2.71)
Note: ** p<0.05, *** p< 0.01. The rank variable: Investor Ownership (IO) refers
to Foreign Investor’s holdings. “Excess Return” is the average raw returns.
“CAPM Alpha” is the risk-adjusted portfolio return estimated by CAPM. “FF3
Alpha” is the risk-adjusted portfolio return estimated by Fama and French Three-
Factor Model. “FF5 Alpha” is the risk-adjusted portfolio return estimated by
Fama and French Five-Factor Model. T-statistics are estimated using Newey-West
(1987) standard errors with 3 lags and reported in parenthesis.
Table 3.8. Post-2006 Abnormal Returns Sorted by Individual Investor
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Panel A: Daily Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0000 -0.0058 -0.0050 -0.0028
(0.12) (-0.21) (-0.18) (-0.10)
2 0.0002 0.0114 0.0118 0.0131
(0.63) (0.40) (0.41) (0.45)
High 3 -0.0001 -0.0166 -0.0175 -0.0170
(-0.19) (-0.48) (-0.51) (-0.49)
Low-
High 0.0001 0.0063 0.0081 0.0097
(0.47) (0.27) (0.35) (0.42)
Panel B: Overnight Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 -0.0003 -0.0411 -0.0405 -0.0403
(-1.60) (-2.28) (-2.23) (-2.17)
2 -0.0007 -0.0737 -0.0735 -0.0744
(-3.19) (-4.04) (-4.00) (-3.98)
High 3 -0.0010 -0.1109 -0.1110 -0.1121
(-4.12) (-4.77) (-4.77) (-4.73)
Low-
High 0.0007*** 0.0653*** 0.0660*** 0.0674***
(4.17) (3.88) (3.94) (4.00)
Panel C: Intraday Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0004 0.0308 0.0311 0.0330
(1.43) (1.24) (1.25) (1.33)
2 0.0009 0.0806 0.0808 0.0830
(3.35) (3.23) (3.24) (3.34)
High 3 0.0010 0.0899 0.0890 0.0906
(3.73) (3.63) (3.62) (3.70)
Low-
High -0.0006*** -0.0635*** -0.0623*** -0.0621***
(-3.29) (-3.54) (-3.49) (-3.46)
Note: *** p< 0.01. The rank variable: Investor ownership (IO) refers to Individual
Investor’s holdings. “Excess Return” is the average raw returns. “CAPM Alpha”
is the risk-adjusted portfolio return estimated by CAPM. “FF3 Alpha” is the risk-
adjusted portfolio return estimated by Fama and French Three-Factor Model.
“FF5 Alpha” is the risk-adjusted portfolio return estimated by Fama and French
Five-Factor Model. T-statistics are estimated using Newey-West (1987) standard
errors with 3 lags and reported in parenthesis.
Table 3.8 reports the relation between decomposed daily return and
domestic individual investor for the post-2006 period. Aligning with the
methodology stated above, all the REITs are allocated into three portfolios and a
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spread portfolio is constructed based on their last year individual investor holdings.
According to the results, though investigation on the total daily return still provides
no significant results, it is found that the firms with lower individual investor
ownership level, their overnight returns are higher. And vice versa, firms that have
higher level of individual investor ownership will have smaller overnight returns.
The asymmetric pattern occurs in the daytime. When the holdings of individual
investor are larger, the intraday return is also higher.
According to the hypothesis, financial institution usually trades against
foreign investor and individual investor. Table 3.9 reports the investigation on the
relation between daily return and financial institution. Similarly, when observing
the total daily return, we find no significant return patterns. However, when
observing the decomposed daily return, we notice that firms that have lower
holdings by the financial institution will have smaller overnight return but larger
intraday return. Vice versa, firms that have higher holdings by the financial
institution will have larger overnight return but smaller intraday return. The
asymmetric return patterns are significant at 99% confidence intervals.
Finally, we investigate the relation between REITs daily return and
domestic corporation ownership. It is shown in Table 3.10 that the holdings of
domestic corporation have very weak effect on the overnight return during the
period of 2006-2016 and no significant effect for the full-period sample data.
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Table 3.9. Post-2006 Abnormal Returns Sorted by Financial Institution
Panel A: Daily Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0001 0.0004 0.0000 0.0004
(0.24) (0.01) (0.00) (0.01)
2 0.0000 -0.0062 -0.0057 -0.0035
(0.10) (-0.20) (-0.18) (-0.11)
High 3 0.0000 -0.0059 -0.0054 -0.0038
(0.12) (-0.22) (-0.20) (-0.14)
Low-
High 0.0001 0.0018 0.0010 -0.0003
(0.21) (0.07) (0.04) (-0.01)
Panel B: Overnight Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 -0.0011 -0.1219 -0.1222 -0.1234
(-4.51) (-5.15) (-5.17) (-5.12)
2 -0.0005 -0.0583 -0.0580 -0.0580
(-2.28) (-2.98) (-2.95) (-2.88)
High 3 -0.0004 -0.0438 -0.0432 -0.0435
(-1.81) (-2.54) (-2.49) (-2.46)
Low-
High -0.0008*** -0.0825*** -0.0835*** -0.0844***
(-4.23) (-4.43) (-4.51) (-4.56)
Panel C: Intraday Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0012 0.1179 0.1178 0.1194
(4.87) (4.80) (4.82) (4.90)
2 0.0005 0.0477 0.0479 0.0500
(2.02) (1.86) (1.88) (1.97)
High 3 0.0004 0.0335 0.0333 0.0353
(1.55) (1.36) (1.35) (1.43)
Low-
High 0.0008*** 0.0799*** 0.0801*** 0.0796***
(4.22) (3.98) (4.00) (3.98)
Note: *** p< 0.01. The rank variable: Investor ownership (IO) refers to Financial
Institution’s holdings. “Excess Return” is the average raw returns. “CAPM Alpha”
is the risk-adjusted portfolio return estimated by CAPM. “FF3 Alpha” is the risk-
adjusted portfolio return estimated by Fama and French Three-Factor Model.
“FF5 Alpha” is the risk-adjusted portfolio return estimated by Fama and French
Five-Factor Model. T-statistics are estimated using Newey-West (1987) standard
errors with 3 lags and reported in parenthesis.
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Table 3.10. Post-2006 Abnormal Returns Sorted by Domestic Corporation
Panel A: Daily Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0000 -0.0065 -0.0057 -0.0039
(0.10) (-0.23) (-0.20) (-0.14)
2 -0.0000 -0.0115 -0.0118 -0.0105
(-0.06) (-0.38) (-0.39) (-0.34)
High 3 0.0002 0.0093 0.0096 0.0110
(0.58) (0.33) (0.34) (0.39)
Low-High -0.0002 -0.0202 -0.0197 -0.0193
(-1.07) (-1.40) (-1.37) (-1.34)
Panel B: Overnight Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 -0.0008 -0.0888 -0.0883 -0.0885
(-3.71) (-4.60) (-4.56) (-4.48)
2 -0.0004 -0.0477 -0.0475 -0.0481
(-1.85) (-2.47) (-2.45) (-2.42)
High 3 -0.0006 -0.0728 -0.0726 -0.0731
(-3.27) (-4.14) (-4.12) (-4.06)
Low-High -0.0002 -0.0205* -0.0201* -0.0199*
(-1.37) (-1.79) (-1.76) (-1.73)
Panel C: Intraday Abnormal Return
IO rank Excess Return CAPM Alpha FF3 Alpha FF5 Alpha
Low 1 0.0008 0.0779 0.0781 0.0802
(3.41) (3.29) (3.30) (3.38)
2 0.0004 0.0317 0.0312 0.0332
(1.49) (1.30) (1.28) (1.37)
High 3 0.0008 0.0776 0.0778 0.0796
(3.23) (3.11) (3.13) (3.21)
Low-High 0.0000 -0.0042 -0.0041 -0.0039
(0.01) (-0.29) (-0.28) (-0.26)
Note: * p<0.10. The rank variable: Investor ownership (IO) refers to Domestic
Corporation’s holdings. “Excess Return” is the average raw returns. “CAPM
Alpha” is the risk-adjusted portfolio return estimated by CAPM. “FF3 Alpha” is
the risk-adjusted portfolio return estimated by Fama and French Three-Factor
Model. “FF5 Alpha” is the risk-adjusted portfolio return estimated by Fama and
French Five-Factor Model. T-statistics are estimated using Newey-West (1987)
standard errors with 3 lags and reported in parenthesis.
Based on the analysis conducted in this section, it is found that foreign
investor and individual investor have similar effects on J-REIT decomposed daily
return. Firms that have higher ownership of either foreign investor or individual
investor will have smaller overnight returns but larger intraday returns. Also,
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foreign investor has started to affect J-REIT market since 2006, in which the J-
REITs holdings of foreign investor increased a lot. Meanwhile, results reveal that
firms that have higher ownership of financial institution investor will have larger
overnight returns but smaller intraday returns, which is consistent with the investor
hetergeneity hypothesis that in J-REIT market, financial institution trades against
foreign investor and individual investor. But for domestic corporation investor, its
ownership level has little effect on J-REIT decomposed daily return.
4.2. Information Surprise
As Lou, Polk, and Skouras (2015) and Lucca and Moench (2015) have
pointed, the macroeconomic announcement that has been relevant to the whole
market may have potential to reveal the risk dispersions across the announcement
periods for certain cross-sectional anomalies. So in this section, event study is
adopted to inspect whether J-REIT market makes quick respond to general
macroeconomic news, such as the announcement from the meeting of the Bank of
Japan (BOJ), and how long it takes for the market to digest the news. Among the
BOJ announcements, all the news is released during the afternoon.
Table 3.11 presents the overnight (CTO) and intraday (OTC) decomposed
daily return as well as the total daily (CTC) return for AG-based and size-based
spread portfolios before, on, and after the day of BOJ announcements. It is noticed
in both cases, overnight return (CTOt) and the total daily return (CTCt) of the event
day (when announcements are released) are significant, which means the J-REIT
market makes a quick and strong respond to the macro news released by BOJ.
Specifically, BOJ’s announcements will strengthen the intraday investment effect,
because abnormal return on long-short portfolio based on AG-strategy is positive.
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On the contrary, BOJ’s announcements reverse the intraday size effect, because
intraday abnormal return on the size-based spread portfolio is negative. However,
BOJ announcements have a continuous effect on size-related abnormal return,
since the overnight return (CTOt+1) and total daily return (CTCt+1) of the post-event
day are still significant. So the BOJ news strengthens the overnight size effect. To
be noticed, BOJ’s announcements have no effect on the pre-event day but only
affect the intraday return of the announcement day and the overnight return after
the announcement day.
Table 3.11. Abnormal Returns around BOJ Announcements
AG ret. t-value Size ret. t-value
CTOt-1 -0.002 -0.99 0.005 1.306
OTCt-1 -0.002 -0.964 0 -0.045
CTCt-1 -0.004 -1.022 0.005 1.754
CTOt 0.001 0.714 -0.001 -0.346
OTCt 0.005** 2.18 -0.008** -1.813
CTCt 0.006*** 3.867 -0.008** -1.959
CTOt+1 -0.003 -0.747 -0.008** -2.228
OTCt+1 -0.001 -0.166 0 0.027
CTCt+1 -0.004 -1.677 -0.008** -2.171
Note: ** p<0.05, *** p< 0.01. This table reports the average daily returns (CTC)
and decomposed returns (CTO and OTC) for the spread portfolios based on AG
strategy and Size strategy before, on and after the event day. Event time is the day
when BOJ releases important announcements.
To sum up, BOJ’s announcement will intensify the intraday investment-
related abnormal return as well as the overnight size-related abnormal return.
Therefore, the asymmetric overnight and intraday abnormal return patterns are
strengthened under the information surprises.
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5. Discussion
This study proposes a novel decomposition of J-REIT daily returns into
overnight and intraday returns and examines the cross-sectional abnormal returns
in the daytime and nighttime. Ample evidence reveals an overnight-intraday
anomaly that both the investment effect and the size effect occur intraday, but the
reversed investment effect and the reversed size effect occur overnight.
Furthermore, we investigate the role of investor heterogeneity in generating
abnormal returns on J-REITs. After 2006, when the J-REIT market comprised
more foreign investors, along with more domestic individual investors, the
overnight-intraday anomaly is more significant. However, before 2006, when there
were few foreign investors in the market, we find no significant return patterns.
Meanwhile, unlike domestic institutional investors, the number of foreign as well
as individual investors increases with the rise in intraday returns and decreases with
the rise in overnight returns. Therefore, both foreign investors and individual
investors trade against the domestic institutional investors, and strengthen the
positive abnormal returns in the daytime and negative abnormal returns in the
nighttime.
Moreover, our study discusses whether the information surprise brought by
the Bank of Japan (BOJ) affects the J-REIT stock price changes. Results show that
the J-REIT market responds quickly and strongly to the macroeconomic news
released by the BOJ. The response is so quick that the information surprise lasts for
only one day (for investment effect) to two days (for size effect). Furthermore, the




Multi-Factor Asset-Pricing Models under Markov Regime Switches
In this chapter, we mainly investigate the traditional asset pricing models
under Markov regime switches so that the endogenous regime switches are
considered and observed when applying rational asset-pricing models.
1. Introduction
The Modern Portfolio Theory (MPT), first introduced by Markowitz (1952),
describes the relationship between risk and expected return statistically using the
mean-variance optimization. The modern finance theory, therefore, stepped into a
new stage. Based on the framework of MPT, the Capital Asset Pricing Model
(CAPM) was proposed and developed by Treynor (1961, 1962), Sharp (1964),
Lintner (1965a, 1965b) and Mossin (1966), in promoting the study of asset-pricing.
However, as more and more cross-sectional abnormal returns were found to be
persistent and cannot be explained by traditional asset-pricing models, Fama and
French (1992, 1993) propose a three-factor model, in which the risk factors, such
as MKT(Market), SMB (Small Minus Big), HML (High Minus Low), have an
explanatory power on the abnormal returns. Many researchers try to use the multi-
factor models to interpret more anomalies, such as momentum and investment
anomaly. By constructing several characteristic-based factors, such has
momentum-based factor UMD (Up Minus Down, Carhart 1997), the profitability-
based factor RMW (Robust Minus Weak, Fama and French 2015, 2016), and the
investment-based factor AGR (Asset Growth Return, Chen 2017), the multi-factor
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asset-pricing models are improved to explain most of the characteristic-related
abnormal returns.
However, although the mean-variance model, CAPM or the multi-factor
models are logically simple and useful in practice, they are static single-period
linear models, which can hardly fit the real world risk-return relationship in the
long run (Rossi and Timmermann, 2010; Cotter and Salvador, 2014). Using
dynamic programming and stochastic analysis, Merton (1969, 1971) take the
investment opportunity set into consideration and expand the CAPM from single-
period to multi-period, establishing the dynamic portfolio theory, known as the
Intertemporal Capital Asset Pricing Model (ICAPM). Nevertheless, as Merton
(1973) has predicted in his ICAPM, the investment opportunities may vary with
time, suggesting a conditional risk-return relationship. However, as He et al. (1996),
Ferson and Harvey (1999), and Ghysels (1998) have pointed out, a lot of
conditional asset-pricing models fail in their empirical performance and hardly
capture the beta risk dynamics. We address the problem by putting multi-factor
asset-pricing models under the Markov regime-switching (MRS) framework, in
which regime switches follow a Markov Chain rule and observations will be
continuous in the time horizon. Since a MRS model can catch structure changes in
economic dynamics, market structure or other unexpected shocks in the time-series,
a MRS adjusted multi-factor model combines the superiorities of linear and non-
linear models.
Many studies have made some attempts. Coggi and Manescu (2004) present
a state-dependent version of the Fama-French Three-Factor model (1993). They
find the two separate regimes coexisting in the US market, one of which has higher
factor loadings on the HML factor. Guidolin and Timmermann (2007, 2008) show
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that Size Effect and B/M Effect are strong in bull state and diminished around the
bear regime. Ozoguz (2008) also uses a two-state regime-switching model and
finds a negative relationship between the level of uncertainty and asset valuations.
The conditional model is successful in explaining part of the cross-sectional
variation in average portfolio returns. Ammann and Verhofen (2009) adopt a
Markov Chain Monte Carlo method to modify the Carhart (1997) four-factor
model. They find that in the high variance regime, only value stocks perform well,
while in the low variance regime, the market portfolio and momentum stocks have
higher returns. Abdymomunov and Morley (2011) investigate the time-variations
in CAPM betas for B/M and momentum sorted portfolios under different market
volatility regimes, and find that the regime switching conditional CAPM can better
explain stock returns than an unconditional CAPM. Mulvey and Zhao (2011)
explore a non-linear factor model for allocating assets over a short run. Cotter and
Salvador (2014) also develop a regime switching multi-factor framework to
explore the risk-return relationship. They find that a positive and significant risk-
return relationship occurs during low volatility periods while the relationship
cannot be observed during high volatility periods.
Though the research studies in the past try to combine the multi-factor
model with a regime switching framework, none of them have systematically
investigated the time-variations in both, risk factors excess returns and risk
loadings (known as betas). It is also vital to make comparisons among major asset-
pricing models. Last, but not least, few researches have investigated the time-
varying risk-return relationship in the Chinese stock market. As the Chinese
economy has had tremendous growth during the last 30 years, it has become one of
the biggest markets in the world. Along with its economic growth, the Chinese
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financial market is also growing fast and has played an important role in the Asian-
Pacific area. However, unlike other important stock markets, the Chinese stock
market still faces serious problems that have been caused by the dual economic
system, restrictions of foreign currency conversion, government interventions, and
information asymmetries. Since the Chinese stock market is immature, highly
restricted and less inclusive, it is driven more by liquidity and speculative
sentiment, rather than by economic fundamentals. That is why China has spent
more than half of its time in a bear market, which has also been confirmed by our
results. On the other side, a bull state occurs from time to time, along with
interventions by the government. Every time the government tries to “stabilize” a
market or issue new policies, it brings a short period of prosperity dominated by
irrational retail investors and speculators. As Brunnermeier, Sockin, and Xiong
(2017) show in their theoretical model that, although government intervention
helps stabilize such an unregulated market, it also amplifies the effects of policy
errors and worsens informational efficiency. Based on their predictions, we expect
that the validity of equilibrium models may be distorted during some periods, when
pricing errors are increased by noise factors. Moreover, since Lin et al. (2012) and
Guo et al. (2017) point that Fama-French factors can proxy the latent risk factors in
the Chinese stock market, we focus on the two typical asset-pricing models, CAPM
and Fama-French Three-Factor model and put them under Markov regime switches.
It is found that the Chinese stock market can be depicted with two regimes, in
which the multi-factor asset-pricing model deviates from one to the other. Hence,
investigations on the features of the Chinese stock market, and the portraits of
time-varying risk factors and betas, are of great significance to investors.
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In this chapter, we study two typical multi-factor asset-pricing models
under the Markov regime switches for the Chinese stock market. We first
distinguish different market states and examine the time-varying risk factors. Then,
we allow risk loadings (betas) to switch across regimes. The results may shed light
on the state-dependent risk-return relationship.
2. Data and Methodology
2.1. Data
2.1.1. Benchmark Portfolio
Following the conventions of Fama and French (1996, 2006), we construct
25 portfolios (denoted as FF25) based on quintile intersections of size and Book-to-
Market ratio (B/M), and take them as the benchmark portfolios. We study all firms
that are listed on the Shanghai Stock Exchange and the Shenzhen Stock Exchange,
during the period from July 1995 to March 2015. However, since stock returns
from July of year t to June of year t+1 are matched with the accounting data in
December of year t-1, firms that don’t have December fiscal year-end data or 36
months of stock return data will be excluded from the dataset. Every year, at the
end of June, all stocks are ranked and allocated by their size quintile cutoffs and
B/M quintile cutoffs. The size breakpoints of year t are the market capitalizations
of each stock by the end of June, of year t. The B/M for June of year t is the book
value of year-end t-1 divided by the market value in December of year t-1. Then,
the 25 portfolios are held for a year and the monthly average raw returns for each
portfolio are calculated.
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2.1.2. Constructing Risk Factors
Based on the methodology of Fama and French (1993), at the end of June
every year, all the sample stocks are divided into six groups based on their size and
B/M value cutoffs. The size breakpoint is the median market capitalization of all
stocks at the end of June of year t. The B/M breakpoint for June of year t is the
book value of last fiscal year-end in December year t-1 divided by market equity
for December year t-1. Based on the cutoffs, growth portfolio is composed of the
lowest 30% B/M firms, while value group includes the highest 30% B/M firms.
The remaining 40% of stocks comprise the medium group. Following eq. (4-1) and
eq. (4-2), value-weighted return difference between the value and growth portfolios
within each of the size groups is calculated and averaged. The return difference is a
value common risk factor, denoted by HML. We adopt the same approach to
calculate SMB. Table 4.1 presents the formation of the common risk factor. The
market risk factor is also the excess return on the market portfolio.
Table 4.1. Formation of Common Risk Factors
Size Book-to-Market (B/M)Growth (30%) Medium (40%) Value (30%)
Small (50%) S/L S/M S/H
Big (50%) B/L B/M B/H
Note: Size refers to the market capitalization of the stocks in June year t. Book-to-
Market (B/M) is the book equity of last fiscal year-end in December divided by
market value for December, year t-1. “L”, “M” and “H” represent the low,
medium, and high B/M levels, respectively. All of the stocks are sorted based on
size and B/M cutoffs. Six groups are formed, denoted as “S/L”, “S/M”, “S/H”,
“B/L”, “B/M”, and “B/H”.
HML = ൫ܴ ௌ/ு + ܴ஻/ு − ܴௌ/௅− ܴ஻/௅൯÷ 2 (4-1)SMB = ൫ܴ ௌ/௅ + ܴௌ/ெ + ܴௌ/ு − ܴ஻/௅− ܴ஻/ெ − ܴ஻/ு൯÷ 3 (4-2)
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2.2. Methodology and Models
2.2.1. The Framework of a Markov Regime Switching Model
First proposed by Lindgren (1978), the Markov Regime Switching Model
(MRS model) is a flexible framework that is proficient in capturing the variations
caused by different states of the world. It contains multiple structural equations and
can characterize the variations and switches of time-series variables. Because of the
feasibility and flexibility, the MRS model has been one of the most popular
nonlinear time-series models in the literature (Hamilton, 2008).
Since financial time series appear to have structural breaks that are caused
by some stochastic processes such as stock market fluctuations and government
policy shifts, some linear models we adopt today do not fit the dynamic evolution
of time-series variables all the time. A typical example is that the stock market has
two typical conditions, which are bear and bull markets, at different times. It will
be obviously problematic if a simple linear model was used to characterize the
stock market for the entire historical period. The Markov Regime Switching model
framework can solve the problem by providing regime-dependent models to
characterize the variables under different states. Therefore, in this chapter, we
focus on the regime-dependent risk factors and risk loadings in multi-factor models.
Following the conventions of Hamilton (1989, 1994), we model the regimes as
follows.
For a regime-switching model, the transition of states is stochastic.
However, the switching process follows a Hidden Markov Chain3 and is driven by
a transition matrix, which controls the probabilities of making a switch from one
state to another. Considering the Chinese stock market has manifested bear and
3 A brief overview of Hidden Markov Model (HMM) is given in Appendix 1.
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bull markets which, along with the business cycles, vary between expansions and
recessions, we allow two states4, namely, a bear state and a bull state, in this model.
The transition matrix is represented as:
ߎ = ൤ ଵܲଵ 1 − ଶܲଶ1 − ଵܲଵ ଶܲଶ ൨ (4-3)
where Pij is the probability of switching from state i to state j.
Denoting ψ୲ି ଵ as the matrix of available information at time t-1, the
probability of State 1 or 2 is calculated following eq. (4-4) and eq. (4-5):
ߨଵ = ܲݎ( ଴ܵ = 1|߰଴) = 1 − ଶܲଶ2 − ଵܲଵ− ଶܲଶ (4-4)
ߨଶ = ܲݎ( ଴ܵ = 2|߰଴) = 1 − ଵܲଵ2 − ଶܲଶ− ଵܲଵ (4-5)
To estimate a regime switching model where the states are unknown, we
consider (݂ݕ௧| ௧ܵ = ,݆ Θ) as the likelihood function for state j on a set of parameters
(Θ). Then the full log likelihood function of the model is given by: 





which is a weighted average of the likelihood function in each state, and the
weights are the states’ probabilities. Applying Hamilton’s filter, the estimates of
probabilities can be acquired by doing an iterative algorithm. Finally, the estimates
in the model are obtained by finding the set of parameters that maximize the log
likelihood equation.
To investigate a time-varying risk-return relationship, we put the multi-
factor asset-pricing models under Markov regime switches. We first analyze time-
series variations in risk premiums for each risk factor by using a multivariate MRS
4 For the appropriate number of regimes, model selection and diagnostic checks are given in
Appendix 2.
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model. Then we allow beta in the multi-factor asset-pricing model to switch under
a univariate MRS setting. Two models5 are adopted in this research. The first
model is the CAPM, including the market factor (MKT). The second model is the
Fama-French Three-Factor model, which incorporates the size factor (SMB) and
value factor (HML).
2.2.2. A CAPM Model with Markov Switching (MR-CAPM)
In the case of a CAPM model, the market risk factor is first studied to
identify two regimes.
ߣெ ௄் = ߤ௠ ,ௌ೟ + ௠߳ ,௧ (4-7)
with:
௠߳ ,௧~ܰ൫0,ߪ௠ ,ௌ೟ଶ ൯ (4-8)
௧ܵ = 1, 2 (4-9)
where ߣெ ௄் is the market risk premium, St is an indicator variable that denotes the
possible two states, ௧߳ is the residual vector that follows the normal distribution,
and ߪௌ೟
ଶ is the variance vector at state St.
In the second step, the market beta and residual in CAPM are assumed to be
regime-dependent.
ܴ௜,௧− ௙ܴ,௧ = ߙ௜,ௌ೟ + ߚ௜,ௌ೟ ∙ ܯܭ ௜ܶ,௧+ ௧߳ (4-10)
௧߳~ܰ൫0,ߪௌ೟ଶ൯ (4-11)
௧ܵ = 1, 2 (4-12)
where ܴ௜,௧− ௙ܴ,௧ is the excess return for portfolio i, ߙ௜,ௌ೟ is the unexplained return,
ߚ௜,ௌ೟ is the risk loading, and ܯܭ ௜ܶ,௧ is excess return on market portfolio. St is an
5 We also investigate the new four-factor model that incorporates the investment factor (AGR) under
the Markov regime switches. The results are presented in Appendix 3 for coherence.
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indicator variable that denotes the possible two states. ௧߳ is the residual vector that
follows the normal distribution. ߪௌ೟
ଶ is the variance vector at state St.
The model is applied independently for the 25-benchmark portfolios. The
matrix of estimates for parameters in the model is reported in section three.
2.2.3. A Fama-French Three-Factor Model with Markov Switching (MR-FF3
Model)
In a Fama-French Three-Factor model, three factors, namely, the market
factor (MKT), the size factor (SMB) and the value factor (HML), are proposed to
explain the size anomaly and value anomaly. According to the formation of
common risk factors, SMB and HML are history returns on the hedging portfolios
(small minus big, high B/M minus low B/M), known as RSMB and RHML. So, if
these factors (SMB and HML) originate from the portfolios/stocks in the market,
and the return series emerge from the market, it is sagacious to guess that SMB and
HML factors in the Fama-French Three-Factor model may vary over time and
could be non-linear dynamics.
Therefore, the risk premiums for the common risk factors can be
represented as a matrix λ: 
ߣ= [ߣெ ௄்,ߣௌெ ஻ ,ߣுெ ௅] (4-13)
Since the common risk factors are mimicking portfolios, excess returns on
risk factors have no autoregressive terms, following a simple mean-variance MRS
model:
ߣெ ௄் = ߤ௠ ,ௌ೟ + ௠߳ ,௧ (4-14)
ߣௌெ ஻ = ߤ௦,ௌ೟ + ௦߳,௧ (4-15)
ߣுெ ௅ = ߤ௛,ௌ೟ + ௛߳,௧ (4-16)
with:
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௠߳ ,௧~ܰ൫0,ߪ௠ ,ௌ೟ଶ ൯ (4-17)
௦߳,௧~ܰ൫0,ߪ௦,ௌ೟ଶ ൯ (4-18)
௛߳,௧~ܰ൫0,ߪ௛,ௌ೟ଶ ൯ (4-19)
௧ܵ = 1, 2 (4-20)
ܥ݋ݒ൫߳ ௠ ,௧, ௦߳,௧, ௛߳,௧,൯= 0 (4-21)
where St is an indicator variable that denotes the possible two states. ௠߳ ,௧, ௦߳,௧, and
௛߳,௧ refer the residual vectors for MKT, SMB and HML and follow the normal
distribution. ߪ௠ ,ௌ೟ଶ , ߪ௦,ௌ೟ଶ , and ߪ௛,ௌ೟ଶ are the variance vectors for the three factors at
state St.
In the second step, betas for three factors and the residual in the Fama-
French Three-Factor model are assumed to be regime-dependent.
ܴ௜,௧− ௙ܴ,௧ = ߙ௜,ௌ೟ + ߚ௜,ௌ೟ ∙ ܯܭ ௧ܶ+ ݏ௜,ௌ೟ ∙ ܵܯ ܤ௧+ ℎ௜,ௌ೟ ∙ ܪܯܮ௧ + ௧߳ (4-22)
௧߳~ܰ൫0,ߪௌ೟ଶ൯ (4-23)
௧ܵ = 1, 2 (4-24)
where ܴ௜,௧− ௙ܴ,௧ is the excess return for portfolio i, ߙ௜,ௌ೟ is the unexplained return,
ߚ௜,ௌ೟, ݏ௜,ௌ೟, ℎ௜,ௌ೟ are the risk loadings on three factors, and ܯܭ ௜ܶ, ܵܯ ܤ௧, ܪܯܮ௧ are
the three factors. St is an indicator variable that denotes the possible two states. ௧߳
is the residual vector that follows the normal distribution. ߪௌ೟
ଶ is the variance vector
at state St.
Similarly, the MR-FF3 model will be estimated for each of the 25 portfolios.
3. Empirical Results
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In this section, we present the estimates of multi-factor asset-pricing models
under Markov regime switches. First, in the market process, we conduct the
multivariate MRS model to analyze the regime-dependent variations among
common risk factors. Then, in the beta process, a univariate MRS model is applied
to investigate variations in risk loadings.
3.1. Estimation of MR-CAPM
3.1.1. Risk Factor Variations
In the market process, we first analyze the risk factor variations under the
Markov Switching to determine regimes. Following the model developed in section
2.2.2, we apply Perlin (2014) Matlab Pacakge and estimate the parameters as
shown in Table 4.2 and Figure 4.1, determining the two regimes as a bear and a
bull state, respectively.
Figure 4.1 plots the conditional mean of market return and the smoothed
probablilities of regimes 1 and 2 in the sample period. The red area refers to the
smoothed probability of regime 1, while the green area implies that of regime 2. At
any time point, the sum of probablilities of regimes 1 and 2 should be equal to one.
It is shown that regime 1 has dominated most of the sample period, inferring that
the Chinese stock market has been a bear market for most of the time. Further, if
we compare the period of regime 2 with real world events that occurred in the time
horizon, we can find that regime 2 has captured most of the astonishing booms and
crisis, ups and downs. The market was inspired before Hong Kong returned to
China in 1997. However, as the Asian financial crisis hit the Hong Kong market,
the Chinese stock market also came to a bear state. In 2000, the international dot-
com bubble occured, and the Chinese stock market experienced a short rise before
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coming to a long bear state from 2001 to 2006, because the state-owned shares
(previously illiquid shares) were reduced and dumped into the market. Then, in
2006, as the government released several policies related to the split-share reform,
the market stepped into a bull regime. However, speculations were driven by
irrationalities, as it was more or less like a bubble. Along with the snow disaster in
southern China and the Wenchuan earthquake, following the overwhelming
subprime crisis along with the global economic slowdown, the Chinese stock
market was dragged into another bear regime.
Figure 4.1. Market Excess Return, Smoothed Regime Probabilities in MR-CAPM,
and GDP Growth
Notes: The figure shows the conditional mean of market return (blue line) and the
smoothed probability of being either a bear market (red area) or a bull market
(green area), along with the variations in GDP growth rate and macroeconomic
events in the period between July 1995 and March 2015.
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Table 4.2 shows that the conditional mean of market return is relatively
lower in regime 1, but higher in regime 2, aligning with the definitions of regimes
1 and 2. The transition matrix reveals that the probability of switching from bear to
bull is 0.03, which is smaller than the probability of switching from bull to bear
(0.06). If the current state is regime 1, it is less likely to switch to the bull market,
because the probability of keeping the current state is 0.97. Hence, it is natural to
find that the expected duration of staying at a bear market is 34.05 months, which
is much longer than that of a bull market. Thus, the Chinese market has remained a
bear market for most of the time.
Table 4.2. Parameter Estimates of the MR-CAPM Model
Regime St = 1 (Bear) St = 2 (Bull)
Transition matrix Π St+1 = 1 (Bear) 0.97 (0.00) 0.06 (0.00)
St+1 = 2 (Bull) 0.03 (0.00) 0.94 (0.00)
Expected Duration 34.05 18.01
MKT μm -0.005(0.38) 0.048(0.00)
σm 0.059(0.00) 0.122(0.00)
Note: This table reports the estimates of parameters in the two-state MRS model
developed in section 2.2.2. The p-values are reported in the parentheses under the
corresponding mean. Π is the state transition matrix, which reports the probability 
of switching from one state to another. The sample period is from July 1995 to
March 2015, on a monthly basis.
3.1.2. Risk Loading Variations
In the beta process, we allow risk loading for each risk factor to switch
across regimes. Figure 4.2 plots the market betas in the MR-CAPM model for the
25 characterized portfolios.
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Figure 4.2. Market Betas in MR-CAPM for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the market betas in the two-regime MR-
CAPM for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and
the right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The
depth axis refers to size magnitude. As depth increases, the size of portfolios
increases.
The left subfigure plots the estimates in regime 1, and the right subfigure
plots the estimates in regime 2. In both regimes, the market betas are non-zeros. If
we compare two typical characterized portfolios, P5 (the 5th portfolio characterized
by the highest B/M and the smallest size) and P21 (the 21st portfolio characterized
by the lowest B/M and the biggest size), it will help reveal the return dispersions
among portfolios. The risk loading of P5 is higher than the loading of P21 in regime
1, but the relation is reversed in regime 2. Thus, we can say that the return
dispersion between P5 and P21 is explained by the risk dispersion between P5 and




































































in a bear market, a positive risk-return relationship holds, while in a bull market,
the trade-off between risk and return follows other patterns.
3.2. Estimation of MR-FF3 Model
3.2.1. Risk Factor Variations
To better understand how the risk-return relationship deviates, we put the
traditional Fama-French Three-Factor model in the framework of Markov regime
switches. We first analyze how risk factors vary as regime switches. Figure 4.3
plots the time-series variations of risk premiums on MKT, SMB and HML. The red
and green areas denote the smoothed probabilities of a bear market (regime 1) and
a bull market (regime 2), respectively. It is shown that a bear market has dominated
most of the observation period. According to the estimates in Table 4.3, if the
current state is a bear market, the probability of staying at the current state is as
high as 0.95. Further, since the probability of transmitting from bear to bull is 5%,
lower than the probability of transmitting from bull to bear, 11%, it is more likely
to be a bear market, whose expected duration is as long as 18.89, almost twice that
of a bull market.
Table 4.3 provides the estimates of parameters in MR-FF3 model. Aligning
with the findings in Chen (2017), in a bear market (regime 1), the risk premiums of
SMB and HML are slightly higher. It is because in a bear market, when the market
return is low and the business is under downturn, investors ask for higher
compensation on size-related risk and value-related risk. According to Cochrane
(2008), during bad times, when investors value a little bit of extra wealth, “good”
stocks that pay off well are wanted by investors, and do get a higher price. Other
stocks that cannot provide good payoffs in these times are “bad” stocks and will
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have a lower price with a higher expected return. Then, the return dispersions
between “bad” and “good” stocks are expected to expand. Therefore, return
dispersions between “small” and “big” stocks and “high B/M” and “low B/M”
stocks are expected to expand, and thus, risk premiums on SMB and HML are
higher in a bear market.
However, in a bull market, when the market return is high, investors ask for
lesser compensation. This is consistent with the expectation that during the bull
market, risk-loving investors that ask for a lower price of risk for a unit of risk are
increasing. Thus, in regime 1, as the risk premiums in SMB and HML are higher,
the risk-aversion levels in the market are also increasing. However, in regime 2,
following the same rule, the risk-aversion levels in the market are decreasing.
Figure 4.3. Risk Premium Series and Smoothed Regime Probabilities in MR-
CAPM
Notes: The figure shows the conditional means of risk premiums and the smoothed
probability of being either a bear market (red area) or a bull market (green area).
The observation period is from July 1995 to March 2015.
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Table 4.3. Parameter Estimates of the MR-FF3 Model
Regime St = 1 (Bear) St = 2 (Bull)
Transition matrix Π St+1 = 1 (Bear) 0.95 (0.00) 0.11 (0.00)
St+1 = 2 (Bull) 0.05 (0.00) 0.89 (0.00)
Expected Duration 18.89 9.36
MKT μm -0.001(0.85) 0.037(0.02)
σm 0.060(0.00) 0.123(0.00)
SMB μs 0.009(0.01) 0.008(0.28)
σs 0.031(0.00) 0.057(0.00)
HML μh 0.004(0.28) 0.003(0.65)
σh 0.027(0.00) 0.003(0.00)
Note: This table reports the estimates of parameters in the two-state MRS model
developed in section 2.2.3. The p-values are reported in the parentheses under the
corresponding mean. Π is the state transition matrix, which reports the probability 
of switching from one state to the other. The sample period is from July 1995 to
March 2015 on a monthly basis.
3.2.2. Risk Loading Variations
Adopting the same approach as in section 3.1.2, we allow risk loadings of
MR-FF3 to vary across regimes. Figures 4.4, 4.5, and 4.6 plot the risk loadings on
MKT, SMB and HML in the MR-FF3 model for the 25 characterized portfolios,
respectively.
In either figure, the left subfigure plots the estimates in regime 1 and the
right subfigure plots the estimates in regime 2. It is shown that in regime 1, risk
loadings on SMB and HML have typical patterns. In regime 1, betas of SMB factor
increases as the size of each portfolio decreases from big to small. Thus, return
dispersions between big and small stocks are captured by the SMB factor.
Meanwhile, betas of HML factor increases as B/M value of each portfolio increases,
implying that return dispersions between low and high B/M stocks are captured by
HML factors. Therefore, it is in regime 1 that a three-factor asset-pricing model can
explain the expected returns on stocks. However in regime 2, beta loadings have a
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reversed pattern, in that big size and low B/M portfolios have higher risk loadings.
Thus, in a bull market, investing on such big and low B/M stocks may undertake
higher risks, and a positive risk-return relationship no longer holds.
Figure 4.4. Market Betas in MR-FF3 for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the market betas in the two-regime MR-
FF3 for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and the
right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The





































































Figure 4.5. SMB Betas in MR-FF3 for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the SMB betas in the two-regime MR-
FF3 for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and the
right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The








































































Figure 4.6. HML Betas in MR-FF3 for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the HML betas in the two-regime MR-
FF3 for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and the
right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The
depth axis refers to size magnitude. As depth increases, the size of portfolios
increases.
3.2.3. Robustness Test Using a Hedging Portfolio
To compare the performance of unconditional factor models and regime-
dependent factor models, we further conduct a time-series regression of excess
returns for a hedging portfolio on risk factors. The hedging portfolio is a zero-cost
portfolio that has a long position on the 5th portfolio of FF25 portfolios and a short
position on the 21st portfolio of the FF25 portfolios, denoted as a “5-21” portfolio.
Because the 5th portfolio is the one that has the smallest size and the highest B/M








































































B/M value, return spreads between the two portfolios should be the largest and
related with firm characteristics of Size and B/M.
Table 4.4. Time Series Regressions of "5-21" Portfolio Returns on Risk Factors
Panel A: Estimates for the Four Models
Model Regime Intercept MKT SMB HML
Unconditional CAPM 0.011 0.061
(0.038) (0.303)




Unconditional FF3 -0.002 -0.004 1.436 1.437
(0.301) (0.868) (0.000) (0.000)
MR-FF3 St=1 -0.004 0.031 1.439 1.235
(0.010) (0.091) (0.000) (0.000)
St=2 0.018 -0.183 1.042 2.105
(0.076) (0.067) (0.000) (0.000)
Panel B: Statistics for the Four Models
Model SSR Log Likelihood AIC BIC HQC
Unconditional CAPM 1.470 266.017 -2.228 -2.199 -2.216
MR-CAPM 1.472 313.237 -2.576 -2.459 -2.529
Unconditional FF3 0.222 489.909 -4.100 -4.042 -4.077
MR-FF3 0.179 544.315 -4.492 -4.317 -4.421
Note: This table reports the parameter estimates and statistics for the
unconditional CAPM, MR-CAPM, unconditional FF3 model and MR-FF3 model.
Excess returns of a “5-21” hedging portfolio are regressed on the risk factor
premiums. The sample period is from July 1995 to March 2015 on a monthly basis.
P-values are reported in the parentheses under the corresponding estimates. SSR is
the sum of squared residuals. AIC refers to Akaike information criterion, while BIC
refers to Schwarz criterion and HQC denotes Hannan-Quinn information criterion.
Table 4.4 reports the estimates of exposures to risk factors for each of the
four models: unconditional CAPM, MR-CAPM, unconditional FF3 model, and
MR-FF3 model. As is shown in Panel A of Table 4.4, the unconditional CAPM
fails to explain the abnormal return of the hedging portfolio because there is a
significant intercept and an insignificant market beta. But when the model is
conditioned on regimes, we find that the CAPM has an asymmetric pattern under
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two regimes, in which regime 1 has a significant market beta. The Fama-French
Three-Factor model is also improved by adjusting under Markov regime switches.
The MR-FF3 model explains more unexplained returns and depicts a regime-
dependent risk exposures pattern. Statistics in Panel B imply that a MR-FF3 model
has the least pricing errors and best performance under different criterions.
3.3. Out-of-Sample Analysis on MR-FF3 Model
Based on the MR-FF3 model developed in section 3.2, we conduct an out-
of-sample analysis to examine its predictability. For each of the 25 portfolios, the
estimation window ranges from July 1995 to March 2015, while the forecasting
period ranges from April 2015 to December 2017. The MR-FF3 model is first
estimated in the expanding window regressions, and then the Markov regime
transition matrix and conditional mean parameters are estimated under a root mean
squared prediction error (RMSPE) criterion.
ܴܯ ܵܲ ܧ = ൭ 1





ॱ(ܴ௧ାଵ) is the one-step-ahead expected return under regime switching,
which is a weighted average of the returns in Regime 1 and Regime 2 where the
weights are given by the transition probabilities conditional on the prevailing state
at time t, as shown in the following equation:
ॱ(ܴ௧ାଵ) = ܲ( ௧ܵାଵ = 1| ௧ܵ = )݅ ∙ ߤଵ + ܲ( ௧ܵାଵ = 2| ௧ܵ = )݅ ∙ ߤଶ= [ߤଵ ߤଶ] ∙ ൤ܲ( ௧ܵାଵ = 1| ௧ܵ = )݅
ܲ( ௧ܵାଵ = 2| ௧ܵ = )݅൨ (4-26)
where [ߤଵ ߤଶ] is the mean forecast for each state:
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ߤଵ = ܥ݋݁ ݂݂ ݅ܿ ݅݁ ݊ݐܧݏ݅ݐ݉ܽ݁ݐ ݏ| ௧ܵ = 1 ∙ ݊ܫ ݀ ݌݁݁݊ ݀݁݊ ݐܦܽܽݐ ௧ାଵ (4-27)
ߤଶ = ܥ݋݁ ݂݂ ݅ܿ ݅݁ ݊ݐܧݏ݅ݐ݉ܽ݁ݐ ݏ| ௧ܵ = 2 ∙ ݊ܫ ݀ ݌݁݁݊ ݀݁݊ ݐܦܽܽݐ ௧ାଵ (4-28)
Here in model MR-FF3:
ߤଵ = ߙଵ + ߚଵ ∙ ܯܭ ௧ܶାଵ + ݏଵ ∙ ܵܯ ܤ௧ାଵ + ℎଵ ∙ ܪܯܮ௧ାଵ (4-29)
ߤଶ = ߙଶ + ߚଶ ∙ ܯܭ ௧ܶାଵ + ݏଶ ∙ ܵܯ ܤ௧ାଵ + ℎଶ ∙ ܪܯܮ௧ାଵ (4-30)
where[ߚௌ೟ ݏௌ೟ ℎௌ೟] is the coefficient vector that depends on state ( ௧ܵ = 1, 2).[ܯܭ ௧ܶାଵ ܵܯ ܤ௧ାଵ ܪܯܮ௧ାଵ] is the realized factor return vector at t+1, which is
the independent data used to predict the expected return.
൤
ܲ( ௧ܵାଵ = 1| ௧ܵ = )݅
ܲ( ௧ܵାଵ = 2| ௧ܵ = )݅൨ is calculated based on:
൤ ଵܲଵ
1 − ଶܲଶ1 − ଵܲଵ ଶܲଶ ൨∙ ቂ ߨଵ1 − ߨଵቃ= ൤ ଵܲଵ ∙ ߨଵ + (1 − ଶܲଶ) ∙ (1 − ߨଵ)(1 − ଵܲଵ) ∙ ߨଵ + ଶܲଶ ∙ (1 − ߨଵ)൨ (4-31)
where ൤ ଵܲଵ 1 − ଶܲଶ1 − ଵܲଵ ଶܲଶ ൨is the transition probability matrix and [ߨଵ 1 − ߨଵ]ᇱis
the filtered probability vector at t.
Therefore,
ܲ( ௧ܵାଵ = 1| ௧ܵ = )݅ = ଵܲଵ ∙ ߨଵ + (1 − ଶܲଶ) ∙ (1 − ߨଵ) (4-32)
ܲ( ௧ܵାଵ = 2| ௧ܵ = )݅ = (1 − ଵܲଵ) ∙ ߨଵ + ଶܲଶ ∙ (1 − ߨଵ) (4-33)
Based on the calculations above, we can estimate the one-step-ahead
forecasts. Since the estimation window incorporates all the previous information, it
is expanding window estimation. The forecasting horizon is one step, from t to t+1,
stepping over one month. Figure 4.7 illustrates the methodology adopted in this
section.
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Figure 4.7. One-Step-Ahead Forecasting of a MR-FF3 Model
Notes: The figure illustrates the expanding estimation window and the forecasting
window of an out-of-sample analysis for a MR-FF3 model.
The out-of-sample analysis is conducted for each of the 25 Fama-French
portfolios. Figure 4.8 plots the forecasting returns and actual returns for portfolios
1, 5, 21 and 25, respectively. Table 4.5 further reports the performance of MR-FF3
model in in-sample and out-of-sample fitting. It is noticed that the in-sample
RMSE is unusually larger than out-of-sample RMSE for the reason that
idiosyncratic variance has declined over time. Furthermore, we calculate the
arithmetic average of the 25 portfolio estimated returns at each time point during
the forecasting window. Figure 4.9 shows the average forecasting returns versus
true values. It is shown that the differences between forecasting and true values are
close to zero.
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Figure 4.8. Out-of-Sample Forecasting Return vs. Actual Return For Each Portfolio
Notes: The figure depicts the one-step-ahead out-of-sample forecasting returns
(red line) and actual monthly returns (blue line), during the period from April 2015
to December 2017 for the 1st, 5th, 21st, and 25th of the Fama-French 25 portfolios
(P01, P05, P21, P25).
Table 4.5. Performance of MR-FF3 in In-Sample and Out-of-Sample Fitting
MR-FF3 In-Sample RMSE Out-of-Sample RMSE
1995.07-2015.03 2015.04-2017.12
Portfolio 1 0.045 0.039
Portfolio 5 0.034 0.019
Portfolio 21 0.027 0.020
Portfolio 25 0.027 0.020
Hedging Portfolio of “5-21” 0.027 0.016
Note: This table reports the performance of MR-FF3 model in in-sample and out-
of-sample fitting. Results of portfolio 1, 5, 21, 25 of the FF25 portfolios and a “5-
21” hedging portfolio are reported. RMSE is the Root Mean Squared Error.
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Figure 4.9. Average Out-of-Sample Forecasting Return vs. Actual Return
Notes: The figure depicts the one-step-ahead out-of-sample forecasting returns
(denoted by Avg Forecast), actual monthly returns (denoted by AvgTrue), and their
differences (denoted by Diff), during the period from April 2015 to December 2017




















In this study, we find that there are two significant regimes, bear and bull,
existing in the Chinese stock market. It is shown that the bear market dominates
most of the sample period, aligning with the fact that the Chinese stock market is
still an emerging market and has been facing problems caused by dual economic
characteristics and restrictions by government policies. On the other side, the so-
called bull market is characterized by increasing risk-takers in the market,
generating lower risk premiums on common risk factors (SMB and HML).
To understand how asset-pricing models perform under different regimes,
we first adjust the CAPM by introducing the two regimes. It is found in regime 1,
that a positive risk-return relationship is persistent, when market beta is
significantly positive. However, in a bull market, when there are negative betas, a
trade-off between risk and return has other patterns.
Furthermore, we propose a MR-FF3 model to investigate the risk-return
trade-off deviations. We observe risk factor variations and risk loading variations
across two regimes. It is found in regime 1, that the factor excess returns are
relatively higher, consistent with the hypothesis that a bear market has a higher
risk-aversion level. Moreover, investigations of the beta process imply that return
dispersions among characterized portfolios come from risk loading patterns.
Specifically, portfolios that have higher returns endure greater exposure to common
risk factors (SMB and HML). Thus, a multi-factor asset-pricing model works well
in regime 1. However in state 2, beta loadings have a reversed pattern that
portfolios characterized with big size and low B/M have higher risk loadings.
Meanwhile, since the risk price in regime 1 is higher than risk price in regime 2,
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the risk-return relationship doesn't hold any more in a bull market6. Moreover, we
conduct an out-of-sample analysis on the Fama-French Three-Factor model under
Markov regime switches. It is shown that a MR-FF3 model performs well in one-
step-ahead forecasting.
To sum up, for an investor in the Chinese stock market, variations in risk
factors dominate the changes from regime 1 to 2. Though investors don’t know the
exact current state, they could infer the market state based on information available
from newspapers and government policies, especially from the estimates of excess
returns on common risk factors. If it is in regime 1, investment strategies based on
a three-factor model may be helpful. However, if it is in a bull market, when the
multi-factor asset-pricing models deviate, investing on big stocks and low B/M
stocks, which were originally regarded as "good" stocks, may be much riskier,
because risk loadings on them are higher during this period.




General Conclusion and Future Work
In this chapter, we conclude the whole work conducted in this dissertation,
and discuss the limitations of the current research. Based on the limitations,
implications for future works are provided.
1. General Conclusion
Anomaly issues, including the time-series and cross-sectional anomalies,
have been in the current frontier of financial academia. In this thesis, we dissect an
Investment Anomaly and an Intraday Temporal Anomaly in the two Asian
financial markets, Chinese stock market and Japanese REIT market. We also
interpret the anomalies from rational expectation framework. The originalities of
this research show in the following three aspects. Figure 5.1 depicts the logical
relationship of the three contributions.
 We provide comprehensive empirical results by adopting different
methodologies to investigate the Investment Anomaly in China. From a
rational expectation theory, an investment-based factor is constructed
specific for the Chinese stock market for the first time. Evidence also shows
that AGR has a positive and statistically significant risk premium and has
considerable explanatory power on variation in cross-sectional returns.
Therefore, it is confirmed that return dispersions caused by investment
difference can be explained by the common risk factors. The results also
clearly imply that growth companies (typically those with small size) have
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more exposure to the common risk factor of investment (AGR) and thus
have larger returns. In addition, firms with more distress risks (those with
high B/M) also endure more exposure to the AGR factor and thus have
larger returns. From this perspective, the AGR factor can partially explain
the size anomaly and the value anomaly.
 In the Japanese REIT market, abnormal returns related with size
characteristic and investment level characteristic, are positive during the
daytime and negative during the overnight. Further evidence shows that
investor heterogeneity and information surprise can explain the so-called
temporal overnight-intraday anomaly in the Japanese REIT market.
 Taking the Chinese stock market as a playfield, we adjust the asset-pricing
models under Markov regime switches. It is found that two endogenous
states should be incorporated in the traditional asset-pricing model. As for
the case in China, bear market dominates most of the sample period,
aligning with the fact that the Chinese stock market is still an emerging
market and has been facing problems caused by dual economic
characteristics and restrictions by government policies. On the other side,
the so-called bull market is characterized by increasing risk-takers in the
market, generating lower risk premiums on common risk factors (SMB and
HML). Practical implication shows that investment strategies based on
characteristic-sorted portfolios should be adjusted to different market
regimes. If it is in regime 1, investment strategies based on a three-factor
model may be helpful. However, if it is in a bull market, when the multi-
factor asset-pricing models deviate, investing on big stocks and low B/M
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stocks, which were originally regarded as "good" stocks, may be much
riskier, because risk loadings on them are higher during this period.
Figure 5.1. Logical Relationship of the Contributions
2. Future Work
In this section, we pick up several points as the future works. These points
are either extension of the current work in the thesis or other directions based on
the current results.
 To extend and fulfill the gap of this study, one possible way to reinforce the
result is to apply the investigation on other markets all over the world.
Based on the model we developed in this study, more empirical
investigations should be conducted applying data of more financial markets.
Furthermore, since our thesis was halted in discussion of CAPM and Fama
and French Three-Factor models, it will be also of interest to explore the
combination of Markov regime switches with other linear factor models,
such as Carhart Four-Factor and Fama and French Five-Factor models.












theoretical analysis will shed light on the merger of rational asset pricing
theory and behavioral finance.
 In spite of extensions of the current work, research of other directions, such
as the portfolio choice and asset allocation should be carried out. Under the
assumption of expected utility optimization, since the risk-return patterns
are not only related with characteristics, such as market capitalization, B/M
ratio, or Asset Growth ratio, but also closely affected by the market
structures, resolutions of regime-dependent portfolio strategy should be




A Hidden Markov Model (HMM) is a bivariate discrete time process {St,
Yt}, where {St} is an underlying Markov chain and {Yt} is a sequence of
independent random variables. The conditional distribution of Yt solely depends on
St. St is a stochastic process that takes a finite or countable number of integer
values denoted by i, j, and that describes the transformation of the state at time t.
The probability of any future value of St+1, given the past state S0, S1, …, St-1 and
the present state St, is only dependent on the present state and independent of the
past states. That is:
ܲ{ ௧ܵାଵ = |݆ ௧ܵ = ௧݅, ௧ܵି ଵ = ௧݅ି ଵ,⋯ , ଵܵ = ଵ݅, ଴ܵ = ଴݅}= ܲ{ ௧ܵାଵ = |݆ ௧ܵ = ௧݅} = ݌௜௝ (A1-1)
where the state transition probability, ݌௜௝, is only related to the state of the current
period, and is independent of the previous states.
In the Hidden Markov Model, the Markov chain St is hidden and only the
stochastic process Yt is available to observe. For example, at time t, it is generally
difficult for investors to know whether the stock market is now a bull market or a
bear market, but they observe the stock price at time t and can infer the current
market state through current market information. The graphical structure of the
Hidden Markov Models (HMM) is shown in Figure A1.1.
HMM has been widely used in image processing, pattern recognition,
biological signal processing and so on. Hamilton (1989) first adopts this model to
investigate the economic growth rate of the United States and achieve good results.
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Subsequently, HMM has been widely used in macroeconomic analysis and in
financial market forecasting analysis. HMM can be used to characterize the non-
linear characteristics of financial markets. Connolly et al. (2005), Guidolin and
Timmermann (2005), Turner et al. (1989) and other scholars use the Markov
regime-switching model to study whether the US stock market and bond market
have obvious structural changes, and whether asset returns as well as volatility are
asymmetric under different states. It is found that an obvious shift of bull regime
and bear regime in the asset market.
Figure A1.1. Graphical Structure of Hidden Markov Model
Notes: St follows the hidden Markov chain and takes a finite or countable number
of integer values denoted by i, j.
123
Appendix 2.
Regime Selection and Diagnostic Checks
One key question of estimating a Markov regime-switching model is that
how to select and test the appropriate number of regimes for the model. The
principle does not follow “the more, the better”. Instead, the choice of the number
of states is that under any number of regimes smaller than the starting value of K*,
the structural parameters of the unrestricted model take any values without
affecting the likelihood function. These parameters are called a nuisance to the
estimation. However, the presence of nuisance parameters makes the likelihood
statistic fails. Though Hansen (1992), Davies (1977), and Davidson and
Mackinnon (1981) respectively propose alternative likelihood-ratio tests (LR tests)
to solve the nuisance parameters issue, a more practical way to diagnose the
number of regimes for a MRS model is to use the information criteria, including
the Bayes-Schwartz information criterion (BIC), the Akaike information criterion
(AIC), and the Hannan-Quinn information criterion (H-Q), which are applied in
our research.
As for the case in this research, we determine that the number of regimes is
two. Although it is easy to inflate the log-likelihood by adding extra regime that
expands the number of parameters, it is hardly sagacious to do so from either a
statistical or a financial economics perspective. As the Chinese stock market has
typical downturns and upturns, a two-regime model is much more suitable than a
three- or four- regime model. Besides, with preliminary tests of the models, it is
found that parameters under three-or four-regime model are insignificant while the
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two-regime model has significant variables under each state. Information criterions
also suggest that selection of a two-regime model is better.
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Appendix 3.
Development of A Four-Factor Model with Markov Regime Switches
To facilitate the coherence of this thesis, we also develop a Markov regime-
switching four-factor model (hereafter, MR-C4) that incorporates the new
investment factor (AGR) proposed in Chapter II. Since the test of this MR-C4
model is similar to that of MR-FF3, we put the model development and test results
here in appendix 3 instead of the main body.
We take the four-factor model of eq.2-40 in Chapter II, as the test model. In
addition to the market factor (MKT), the size factor (SMB) and the value factor
(HML), investment factor (AGR) is also taken into account to explain the cross-
sectional abnormal returns. In accordance with the formation of common risk
factors, AGR, as well as SMB and HML are history returns on the hedging
portfolios (low AG minus high AG, small minus big, high B/M minus low B/M),
known as RAGR, RSMB and RHML. Hence the return series that emerge from the
market may vary over time and could be non-linear dynamics.
Therefore, the risk premiums for the common risk factors can be
represented as a matrix λ: 
ߣ= [ߣெ ௄்,ߣௌெ ஻ ,ߣுெ ௅,ߣ஺ீோ] (A3-1)
Since the common risk factors are mimicking portfolios, excess returns on
risk factors have no autoregressive terms, following a simple mean-variance MRS
model:
ߣெ ௄் = ߤ௠ ,ௌ೟ + ௠߳ ,௧ (A3-2)
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ߣௌெ ஻ = ߤ௦,ௌ೟ + ௦߳,௧ (A3-3)
ߣுெ ௅ = ߤ௛,ௌ೟ + ௛߳,௧ (A3-4)
ߣ஺ீோ = ߤ௔,ௌ೟ + ௔߳,௧ (A3-5)
with:




௧ܵ = 1, 2 (A3-10)
ܥ݋ݒ൫߳ ௠ ,௧, ௦߳,௧, ௛߳,௧, ௔߳,௧൯= 0 (A3-11)
where St is an indicator variable that denotes the possible two states. ௠߳ ,௧, ௦߳,௧, ௛߳,௧,
and ௔߳,௧refer the residual vectors for MKT, SMB, HML and AGR and follow the
normal distribution. ߪ௠ ,ௌ೟ଶ , ߪ௦,ௌ೟ଶ , ߪ௛,ௌ೟ଶ , and ߪ௔,ௌ೟ଶ are the variance vectors for the four
factors at state St.
In the second step, betas for four factors and the residual in the Four-Factor
model are assumed to be regime-dependent.
ܴ௜,௧− ௙ܴ,௧ = ߙ௜,ௌ೟ + ߚ௜,ௌ೟ ∙ ܯܭ ௧ܶ+ ݏ௜,ௌ೟ ∙ ܵܯ ܤ௧+ ℎ௜,ௌ೟ ∙ ܪܯܮ௧+ ܣ௜,ௌ೟
∙ ܣܩܴ௧ + ௧߳ (A3-12)
௧߳~ܰ൫0,ߪௌ೟ଶ൯ (A3-13)
௧ܵ = 1, 2 (A3-14)
where ܴ௜,௧− ௙ܴ,௧ is the excess return for portfolio i, ߙ௜,ௌ೟ is the unexplained return,
ߚ௜,ௌ೟, ݏ௜,ௌ೟, ℎ௜,ௌ೟, ܣ௜,ௌ೟ are the risk loadings on three factors, and ܯܭ ௜ܶ, ܵܯ ܤ௧, ܪܯܮ௧,
ܣܩܴ௧ are the four factors. St is an indicator variable that denotes the possible two
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states. ௧߳ is the residual vector that follows the normal distribution. ߪௌ೟
ଶ is the
variance vector at state St.
Hereafter, the MR-C4 model will be estimated for each of the 25 portfolios.
We present the estimates of four-factor asset-pricing model under Markov regime
switches. First, in the market process, we conduct the multivariate MRS model to
analyze the regime-dependent variations among common risk factors. Then, in the
beta process, a univariate MRS model is applied to investigate variations in risk
loadings. Consistent to the conclusion in Chapter IV, results of MR-C4 as shown in
A3.1~A3.5 imply a regime-dependent risk-return relationship. The investment
factor in MR-C4 model appears to have two different risk loading patterns among
the testing portfolios.
Figure A3.1. Risk Premium Series and Smoothed Regime Probabilities in MR-C4
Notes: The figure shows the conditional means of risk premiums and the smoothed
probability of being either a bear market (red area) or a bull market (green area).































































































































































Figure A3.2. Market Betas in MR-C4 for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the market betas in the two-regime MR-
C4 for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and the
right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The








































































Figure A3.3. SMB Betas in MR-C4 for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the SMB betas in the two-regime MR-
C4 for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and the
right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The


































































Figure A3.4. HML Betas in MR-C4 for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the HML betas in the two-regime MR-
C4 for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and the
right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The



































































Figure A3.5. AGR Betas in MR-C4 for 25 Size-B/M Portfolios
Notes: The three-dimensional space shows the HML betas in the two-regime MR-
C4 for 25 Size-B/M portfolios. The left group plots estimates of regime 1 and the
right subfigure plots those of regime 2. The vertical axis denotes risk betas. The
horizontal space denotes the 25 portfolios. The horizontal axis denotes the B/M
value magnitude. From left to right, the B/M value of portfolios increases. The













































































Proof of Statement 1
According to Campbell et al. (1997), all the exact factor-pricing models
allow one to estimate the expected return on a given asset. In case the factors are
the excess returns on traded portfolios, risk premiums can be estimated directly
from the sample means of the excess returns on the portfolios. The relation
between expected return and risk can be written as:
ܴ = ߚ ∙ ߣ (A4-1)
ܴ: A vector of asset excess returns. ߚ: A vector of risk loadings. ߣ: A vector
of risk premiums on risk factors.
Assume in either state 1 (S1) or state 2 (S2), there is ܴ = ߚ ∙ ߣ.
For certain portfolio,
ܴௌభ = ܴௌమ (A4-2)
There is,
ߚௌభ ∙ ߣௌభ = ߚௌమ ∙ ߣௌమ (A4-3)
S1: State 1. S2: State 2.
It is known:
ܴ௉ఱ > ܴ௉మభ (A4-4)
P5: The fifth portfolio of 25 Fama-French Size-B/M characterized portfolios,
which is characterized with the smallest size and the highest B/M.
P21: The 21st portfolio of 25 Fama-French Size-B/M characterized





ௌభ ൯∙ ߣௌభ > 0 (A4-5)
൫ߚ௉ఱ
ௌమ − ߚ௉మభ
ௌమ ൯∙ ߣௌమ > 0 (A4-6)
൫ߚ௉ఱ
ௌభ − ߚ௉మభ
ௌభ ൯∙ ߣௌభ = ൫ߚ௉ఱௌమ − ߚ௉మభௌమ ൯∙ ߣௌమ (A4-7)
Empirical result in risk premium process shows that:
ߣௌభ > ߣௌమ > 0 (A4-8)
Based on eq. (A1-5) to eq. (A1-8), we have:
ߚ௉ఱ
ௌభ − ߚ௉మభ
ௌభ > 0 (A4-9)
ߚ௉ఱ
ௌమ − ߚ௉మభ
ௌమ > 0 (A4-10)
Based on eq. (A1-7) to eq. (A1-10), there must be:
ߚ௉ఱ
ௌభ − ߚ௉మభ
ௌభ < ߚ௉ఱௌమ − ߚ௉మభௌమ (A4-11)
However, as the empirical results in beta process in section 3.2.2 shows,
there are:
ߚ௉ఱ
ௌభ > ߚ௉ఱௌమ (A4-12)
ߚ௉మభ
ௌభ < ߚ௉మభௌమ (A4-13)
Eq. (A1-12) and eq. (A1-13) imply that:
ߚ௉ఱ
ௌభ − ߚ௉మభ
ௌభ > ߚ௉ఱௌమ − ߚ௉మభௌమ (A4-14)
We get a theoretical inference, eq. (A4-11), contradicting our empirical
result, eq. (A4-14). Therefore, the assumption that the risk-return relationship holds
in either state is wrong. As we find in regime 1 the risk-return relationship holds
well, it is in regime 2 when the market is full of speculations and irrationality that





AGR Return Related with Asset Growth
APT Asset Pricing Theory




CAPM Capital Asset Pricing Model
CMA Conservative Minus Aggressive
EMH Efficient Market Hypothesis
FF3 Fama and French Three-Factor Model
FF5 Fama and French Five-Factor Model
FF25 Fama and French 25 Portfolios Formed on Size and B/M
GDP Gross Domestic Product
HML High Minus Low
J-REIT Japanese Real Estate Investment Trust
MKT Market Return
MRS Markov Regime Switching
OTC Open-to-Close
QDII Qualified Domestic Institutional Investors
QFII Qualified Foreign Institutional Investors
RMB Renminbi
RMW Robust Minus Weak
SMB Small Minus Big
TA Total Asset
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